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Abstract—Clustering is a core operation in machine learning
that aims to determine the inherent structure of a database by
grouping data objects based on similarity. Though a multitude of
different clustering approaches have been proposed, the subjec-
tive nature of clustering makes it difficult to identify interesting
clusterings that are beneficial for the application at hand. To this
end, Automated Clustering methods strive to not solely retrieve
a single best clustering, but a set of clusterings with a high
degree of interestingness. However, the notion of interestingness
differs across application domains and use cases. In this paper,
we investigate 6 different interestingness functions—modelling
how likely a set of clusters can offer additional insight to a
practitioner—in 4 different scenarios, measured by 7 different
evaluation functions—evaluating these interestingness functions
externally using a known labelling for each dataset. We note that
the choice of an interestingness function as an optimization goal
has a significant impact on the result, which is why it is important
to make an informed decision about a suitable interestingness
function.

Index Terms—Interestingness, Automated Clustering, Auto-
mated Exploratory Clustering, Clustering, AutoML, Unsuper-
vised Learning

I. INTRODUCTION

Clustering is a fundamental task in Data Science, particu-
larly in Exploratory Data Analysis [1]. Groupings of similar
objects in a database offer new insights into the databases
structure, enabling practitioners to gain actionable insights
based on “good” clusterings. However, finding a “good”
clustering is not only difficult but also highly subjective [2],
as it dependents on the application-specific use cases. This
makes it difficult to find automated clustering solutions helping
practitioners with limited background in data analysis, as
conventional AutoML solutions cannot be applied directly [3].

Automated Machine Learning (AutoML) [4] can be consid-
ered as a technique to democratize machine learning. This is
achieved, by shifting the process of finding and fitting an apt
model from the user to a sophisticated use of the machine. This
way, even users with limited expertise are able to find fitting
machine learning models. This is especially well researched
for the supervised learning case, where a clear optimization
goal exists [4], [5]. However, in unsupervised learning, a goal
for optimization is much harder to find due to unlabeled data
and the aforementioned subjectivity.

For these reasons, the idea of Automated Exploratory Clus-
tering is to offer an interesting set of clusterings instead of a
single clustering [6], with the aim of capturing various aspects

of interest. This moves the optimization target from a single
clustering, to a set of clusterings, which should complement
each other well, deliver new insights but not overwhelm the
user. For the user, this will change the problem from generating
a clustering—needing experience and insight into the process
of clustering geneation—to manually evaluating a small prese-
lection of clusterings and finding a “good” clustering. This will
be a task much better fitted to the skillset of a domain expert.
To the best of our knowledge, no prior work has addressed
the problem of determining whether a given set of clusterings
is actually interesting. In this paper, we will thus

• identify a number of different usage scenarios in Ex-
ploratory Data Analysis, rising different requirements to
the interestingness of a clustering set,

• design a number of different functions evaluating the
interestingness of clusterings sets to have a clear opti-
mization goal for an AutoML system, and

• establish a number of measures to evaluate the success of
the different interestingness functions in fitting clustering
sets abiding to the constraints of the usage scenarios.

The rest of the paper is structured as follows: We will start by
giving an overview of related work (section II), followed by
introducing our methods (section III). Afterward, we describe
the experimental setup (section IV) and summarize their
results (section V), before we discuss our findings (section VI)
and conclude the paper (section VII).

II. RELATED WORK

In recent years, a variety of methods have been proposed
in the field of AutoML [4], [5]. While most of these meth-
ods focus on supervised cases, there are also a number of
works in the field of Automated Clustering. AutoClust [7]
and kClusterHub [8] are methods which first select a fitting
algorithm based on the dataset and afterwards optimize its pa-
rameters to automatically design a fitting method. While these
methods do not directly solve the CASH-problem (Combined
Algorithm Selection and Hyperparameter Optimization) [9],
AutoML4Clust [10] shows the adaptation of CASH for Auto-
mated Clustering. As of now, there exists a plethora of methods
utilizing this to generate automated clusterings. These meth-
ods include AutoCluster [11], cSmartML [12], cSmartML-
Glassbox [13], TPE-AutoClust [14] and ML2dac [15]. The
common denominator of all these methods is their goal of
retrieving the single “best” clustering for the input dataset,



regardless of the subjectivity of the clustering problem [2]. In
contrast to this, AutoClues [16] generates a set of clusterings
and uses methods from the field of diversification, to retrieve
the most interesting set of n clusterings. In similar fashion,
[17] and [18] generate a large set of clusterings and select a
smaller subset deemed to be interesting. These works do not
directly optimize the interestingness of a set of clusterings, but
select clusterings from a pool of already computed clusterings.
In [6], clustering sets are directly optimized, using an interest-
ingness function as a target. However, there are no reports on
the actual usefulness of the retrieved clusterings, making any
evaluation on the utilized interestingness function impossible.

There exists plenty of other works using the term interest-
ingness. [19] uses information theoretic measures to construct
a fixed size set of clusterings. In the field of interestingness
prediction (see [20] for a survey), potential excitement in
images is measured. [21] uses the term interestingness to
measure the diversity of sets. However, all these notions of
interestingness differ and are not directly applicable to our
problem.

III. METHODS

Like the value of a single clustering, the interestingness of
a set of clusterings is highly subjective as well, leading to
different use cases preferring different kinds of clustering sets
(subsection III-A). Automated Exploratory Clustering is the
problem (subsection III-B) of finding the most “interesting”
set of clusterings for a dataset provided by a user. Cluster-
ing sets and their corresponding clusterings have different
properties, which are useful for the evaluation of these sets
(subsection III-C). We will finish this section by proposing a
number of interestingness functions (subsection III-D) used to
measure the interestingness of clustering sets. Interestingness
in the sense of this paper denotes the likeliness, that a user can
gain some added value or actionable insight from a retrieved
clustering set.

As this paper is focussed on the general method, we assume
clean datasets and that our used CVI and similarity metrics are
sufficient for each scenario. For this reason, we also only test
on synthetical datasets. This limits the direct practical usability
of our findings.

A. Use Cases

Clustering, especially when used in an exploratory context,
is a subjective task [2]. For example, a single dataset generated
by a machine can contain multiple clusterings, where one
is more fitting for academical users, while other clusterings
are better in the field of medicine, business or environmental
sciences (Figure 1).

Like the use of a clustering in itself, the use of a clustering
set is also depending on the actual scenario. While in some sit-
uations, it is very important to find the best possible clustering
regardless of the total number of clusterings to be evaluated,
where in other situations, it is very hard to make an informed
decision on a clustering, so a small set is more desirable. We
have identified the following scenarios:

AEC

Fig. 1: An example of a dataset with 4 different cluster-
ings, which are useful for 4 different practitioners. All four
clusterings seem to be valid in different scenarios. The top
left clustering follows a density based approach, whilst the
other three clusterings separate the dataset based on spheroid
clusters. The upper right and lower left clustering do so
based on one dimension each, while the lower right clustering
generates four clusters, splitting the dataset in the middle in
both dimensions.

Return 
clustering set

Input 
Dataset

MAS optimizing 
interestingness

Fig. 2: A short overview of the MAS paradigm. A dataset is
input to an optimizer loop finding a good solution for the MAS
problem, using HPO. The resulting clustering set is returned
to the user.

a) Focus on usability.: In this scenario, a user is well
capable of evaluating the retrieved clusterings to find the best
for their use. The complete focus lies on the quality of the
best retrieved clustering, while the size of the clustering set is
of minor importance, as all can be evaluated in time.

b) Expensive evaluation.: In this scenario, the actual
evaluation of a clustering has a high cost, while the usage
of a suboptimal clustering has little negative consequences.
This leads to the desired clustering set only containing a few
clusterings, while the quality of the best clustering is only of
secondary nature. This can be useful, if not the “best”, but
only a “good enough” clustering is needed.

c) Need for many useful clusterings.: In the third sce-
nario, the emphasis is placed on generating as many different
views but useful views on the dataset as possible. This is often
the case in Exploratory Data Analysis, where a practitioner
wants to gain novel insights into a dataset.

d) Need for only useful clusterings.: Another scenario is
the search for different clusterings, which however all need to
be somewhat useful, as the investigation of each clustering is
an expensive and time-consuming process. This can also be
useful in Exploratory Data Analysis.

B. Problem Formulation

The problem of Automated Exploratory Clustering (AEC)
has been solved using Multi Algorithm Selection (MAS) [6],
a slight deviation from the Combined Algorithm Selection and
Hyperparameter Optimization (CASH) problem [9].
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Fig. 3: Three different clusterings for the same dataset.
Clusterings (a) and (b) are density-based and both split the
dataset into a circular and a spheroid cluster, while cluster
(c) splits the dataset based on Property A without regard of
Property B. Clusterings (a) and (b) differ in the assignment
of a single object. While both clustering (a) and (b) seem
proper individually, there is no positive effect of using both
in a clustering set, as these are not very diverse. A clustering
set comprising (a) and (c) would offer more value than a set
comprising (a) and (b).

Definition 1 (Multi Algorithm Selection): Given an inter-
estingness function I , an algorithm Ai ∈ Ã from a set
of algorithms Ã, the set of possible hyperparameters for an
algorithm ΛAi , the search space of all possible configurations
S = {Aλ

i |Ai ∈ Ã, λ ∈ ΛAi} and a dataset D, the Multi
Algorithm Selection problem can be formulated as follows:

R = argmax
{Aλ

i }⊂S

I
(
{Aλ

i (D)}
)
= argmax

s⊂S
I(s), (1)

where R is the optimum set of algorithms and corresponding
hyperparameters subject to interestingness function I .
As can be seen, Figure 1 raises an optimization problem,
where the Interestingness function I is optimized on a set of
individual clusterings. This is mostly done by using an opti-
mization loop, where an optimizer adapts the hyperparameters
of different algorithms to find the clustering set, which grants
the best1 value, until a given computation limit2 is reached.
After this, the best performing clustering set is returned to the
user. An overview of this paradigm is depicted in Figure 2. As
the choice of the interestingness function has a high impact
on the resulting clustering set, we will introduce different
interestingness functions in the remainder of this paper and
evaluate their capability of fitting to the use cases mentioned
above.

C. Useful Properties

Different properties can be used to evaluate the interesting-
ness of a clustering set. On the one hand, each clustering in the
clustering set has an intrinsic value, which can be measured
by different Clustering Validation Indices (CVI) [22]. On the
other hand, clusterings have a value determined by their sim-
ilarity to other clusterings in the set. As additional clusterings
should deliver additional insights, adding a clustering largely
identical to an already known clustering will be less useful

1depending on I either maximal or minimal
2either time or allowed iterations

than a novel clustering with slightly lower CVI values. For
example, the clusterings in Figure 3a and Figure 3b both seem
to be intuitively good clusterings, but are very similar. If one of
these is present in a set, the clustering in Figure 3c would offer
more additional insights. Especially if the intuitive assumption
that both properties are equally important does not hold, the
clustering in Figure 3c might turn out to be of higher value.
Hence, it is important to take both quality (measured by a
CVI) and usefulness (measured by similarities) into account
when evaluating the interestingness of a clustering set.

D. Interestingness Functions

In this subsection, we will define the two interestingness
functions introduced in [16] (MMRI) and [6] (MeanANS)
as well as 4 novel (MaxANS, MinANS, MinQ, and MeanS)
functions, making use of the aforementioned properties. We
will denote a clustering set as C = (c1, . . . , cn) where ci
denotes a single clustering, a quality evaluation (based on a
CVI) of a clustering c as qi(c), the set of all quality evaluations
of a clustering c as Q(c) = (q1(c), . . . , q|Q|(c)) and the
similarity of two clusterings as δ(ci, cj).

a) MMR-Interestingness.: The first interestingness func-
tion is based on Maximal Marginal Relevance [23] and has
been successfully used in the field of diversification [24]. It
has been introduced to Automated Clustering in [16]. Due
to its roots in diversification, MMR is designed to be used
with a fixed result size n. For this reason, there is no intricate
mechanism controlling the size, as all additional clusterings
raise the value of the measure. In the original iterative process
of MMR, the clustering ci which maximizes the following
equation based on a previously selected set C̃ is selected:

mmr(ci) = (1− λ)Q(ci) +
λ

|C̃|

∑
cj∈C̃

δ(ci, cj) (2)

We adopted this formula to get an interestingness function for
a clustering set C:

MMRI(C) = (1− λ) · (|C| − 1) ·
∑

c∈C,i∈[1,|Q|]

qi(c)+

λ ∗
∑

ci ̸=cj∈C

δ(ci, cj) (3)

In this equation, λ balances the tradeoff between quality
evaluations and similarities between the clusterings.

b) Interestingness Functions.: Before defining further
interestingness functions, we will first define the Average
Neighbor Similarity (ANS), which will be used to discourage
the similarity among clusterings in clustering set C in the
following methods:

ANS(C) =
1

|C|
∑
ci∈C

max
cj ̸=ci∈C

δ(ci, cj) (4)

The ANS models the average similarity of each clustering in
C to its nearest neighbor. A high ANS will denote a clustering
set with a high number of very similar clustering, resulting in
a low diversity. A low ANS will show, that all clusterings are



significantly different from other clusters, resulting in a diverse
and hence interesting set. In the rest of this subsection, we will
introduce several interestingness functions based on different
aggregations (maximum, minimum and arithmetic mean) of
the quality measures on different sets. The Mean CVI by ANS
was used in [6]:

MeanANS(C) = mean
c∈C

(mean(Q(c)))−ANS(C) (5)

If we only care for the best possible and not all clusterings,
we achieve following Interestingness:

MaxANS(C) = max
c∈C

(max(Q(c)))−ANS(C) (6)

Similarly, we can ensure, that all quality evaluations are of
high quality, by only considering the minimal CVI:

MinANS(C) = min
c∈C

(min(Q(c)))−ANS(C) (7)

A method only using the quality evaluations is to maximize
the worst clustering evaluation:

MinQ(C) = min
c∈C

(min(Q(C)) (8)

Our last method does also not consider the similarities, but
only the size of the set against the average CVI:

MeanS(C) =
meanc∈C(mean(Q(c))

|C|
(9)

In the following sections, we will use the 7 interestingness
functions defined in this section, to automatically generate
clustering sets and will evaluate their usefulness in the use-
case scenarios named earlier.

IV. EXPERIMENTS

In order to evaluate the capability of the different methods,
we designed a typical AutoML loop to optimize clustering sets
based on our interestingness functions. We used the optimizer
Smac BB [25] to choose up to 25 algorithm instances from
the algorithms HDBSCAN [26], [27], kMeans [28], [29],
MeanShift [29], [30], OPTICS [29], [31] and BIRCH [29],
[32]. We used the Adjusted Mutual Information (AMI) [29],
[33] to measure the similarity of clusterings and the Silhouette
Coefficient [29], [34], DBCV [35], [36], VIASCKDE [36],
[37] and DSI [36], [38] as quality measures, since these
CVI are normalized to [-1,1] [22]. For this reason, they
can be compared without any further modification, ensuring
that no CVI will have an unproportional influence on the
result. As data, we used the 136 synthetic datasets from
[39], containing 30 to 10,000 objects in 1 to 40 clusters
and two or three dimensions. Our code is available at https:
//github.com/g-schlake/Interestingness optimizer.

A. Evaluation Methods

We use both five known methods from [40] (CU, CE,
TS, EQC, and QS) and two novel methods (GCS and GQS)
catering to our previously identified scenarios to evaluate the
performance of the different interestingness functions. This is
important, as different scenarios neccesite different clustering

sets. According to [40], application cost of a clustering set can
be modelled as follows:

ac(C, gt, λ, U) =
|C|
U

·λ+(1−max
c∈C

δ(c, gt)) · (1−λ), (10)

where gt resembles the original labelling of the dataset and U
the maximum possible number of clusterings and a low value
resembles a good clustering set. While we do compare with the
ground truth of the datasets, we do not consider this ground
truth as the correct answer for the clustering. However, we
can expect this ground truth to be a valid proxy for the best
usable clustering. In [40], there are two independent weighting
terms, while we model both using a single λ. While we do not
believe that gt is necessarily the most interesting clustering in
a dataset, we can use this as a proxy. U will have a value
of 25 in all our experiments, as this is the maximum possible
clustering set size. In previous works, 5 different values for λ
have been used for different scenarios. Costly Usability (CU)
uses λ := 0, to put the complete emphasis on the usability,
disregarding the size of the clustering set (akin to our first
scenario), while Costly Evaluation (CE) only focusses on the
set of the size (λ := 1). There are also three measures as
tradeoffs between these extremes, named Thorough Search
(TS, λ := 0.25), Equal Costs (EQC, λ := 0.5) and Quick
Search (QS, λ := 0.75). As for our third scenario—generating
as many useful but different views as possible—we count the
number of clusterings with a similarity to the ground truth
above a certain threshold θ as Good Count Scorer (GCS):

GCS(C, gt, θ) = |{c ∈ C|δ(c, gt) > θ}| (11)

We will set θ := 0.7. In order to fit to the range of the
other methods, we divide the GCS value by our maximum
number of clusterings 25. For our fourth scenario—where
a user only cares about useful clusterings—we evaluate the
quota of clusterings above a threshold θ as Good Quota Scorer
(GQS):

GQS(C, gt, θ) =
|{c ∈ C|δ(c, gt) > θ}|

|C|
=

GCS(C, gt, θ)

|C|
(12)

Like for GCS, we set θ := 0.7 for our experiments, as from our
experience, this accounts for clustering deemed similar enough
to be relevant. Both GCS and GQS need to be maximized.

V. RESULTS

If we consider our first case, with focus lying on usability,
we can see that MMRI seems to deliver the results with
the lowest score for CU, with a mean (0.15) even lower
than the 25% quartile of all other methods (see Figure 4).
MinANS has a significantly higher mean (0.41) than the other
methods (around 0.32). The distributions of the other methods
are similar to each other, however, MaxANS has a bit better
results than the other methods. When looking at the maximum
similarity to the ground truth (see Figure 7a), we can see
that the clustering sets chosen by MMRI select the sets with
the highest AMI compared to the ground truth. If we have a
look at our second scenario (and the intermediate measures)

https://github.com/g-schlake/Interestingness_optimizer
https://github.com/g-schlake/Interestingness_optimizer
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Fig. 4: Evaluation scores of 7 different measurements for
clustering sets generated using each interestingness function
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Fig. 5: Mean evaluation scores of 7 different measurements
for clustering sets generated using each interestingness func-
tion. The arrows indicate, whether each evaluation should be
maximized or minimized

this changes, as MMRI selects the biggest clustering sets (see
Figure 6), leading to the worst mean QS evaluation of 0.64
and 0.8 for CE. Even using TS, with a still high emphasis
on the cluster result compared to the size, MMRI falls behind
most other methods and is only better than MinANS. MinANS
selects the smallest clustering sizes and has thus the best CE. If
we look at the QS values, all methods apart from MMRI seem
similar. If we consider the number of good clusterings selected,
we can see that MMRI has not only selected the by far most
clusterings, but also the most clusterings above our threshold.
While all other methods seem to be clearly worse in this
regard, MinQ is a small bit better. If we consider the use case,
where the quota of clusterings has to be good, we can see that
MeanS, MinQ and MeanANS provide the best results. MMRI
has the problem of consistently including bad clusterings (see
Figure 7b), while the three aforementioned measures in most
cases present only clusterings with a similarity to the ground
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Fig. 7: Maximum and minimum similarities to the ground truth
per clustering set

truth higher than 0.5.

VI. DISCUSSION AND FUTURE WORK

As can be seen, the choice of an interestingness function can
have a significant impact on the clustering set generated, mak-
ing them more or less suitable for different scenarios. The large
clustering sets produced by means of MMRI tend to include
the most interesting clusterings. However, the other presented
methods produce much smaller sets, making them more useful
in a couple of scenarios. As there has been little work in this
field, all measures are novel, and there is still a wide range of
possible interestingness function. Likewise, neither our usage
scenarios nor their evaluation are comprehensive, requiring
future research in this area, to let users make an informed
decision in finding a useful interestingness function for their
case.

VII. CONCLUSION

We have seen, that the choice of an interestingness function
significantly influences the resulting clustering sets. Adopt-
ing a function from the field of diversification can lead to
promising results, given that the size of the clustering set
does not negatively influence the usability. If we take this
into account, we can see that our novel methods perform
better. However, we cannot see a significant difference in the
performance of these methods for most scenarios, making it
hard to recommend concrete functions.
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