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Abstract Unsupervised learning algorithms represent a set of techniques for finding hidden patterns or character-
istics in data without a previously defined label. An unsupervised learning technique is clustering, which consists
of grouping data with similar characteristics into the same group, while data with different characteristics belong to
other groups. Despite being a technique with many applications, understanding the output of clustering models is
a complex task, requiring extensive manual analysis to understand the characteristics of each group, since the out-
put doesn’t contain much information about the cluster’s characteristics. Therefore, this article proposes MAACLI:
Model and Algorithm Agnostic CLustering Interpretability, a technique for generating user-friendly descriptions
to help interpret groups generated by unsupervised clustering algorithms. The solution consists of two components
that generate friendly descriptions of the groups and was tested on two types of datasets, one of which was provided
by a partner company. The solution was able to generate simple, user-friendly descriptions of the groups, extracting
only the important attributes.
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1 Introduction

Unsupervised learning aims to extract information from data
without a previously established label. One of the unsuper-
vised strategies is clustering, which consists of grouping data
with similar characteristics so that similar data belongs to the
same group [Ghahramani, 2003]. The similarity of the data
can be measured based on distance or density, for example.
The clustering technique has many applications, such as in
the health sector [Yu et al., 2022] and marketing [Bartels,
2022]. In general, in recent years, companies in different
segments have invested in grouping their customers in order
to get to know them better and thus offer personalized prod-
ucts and services [Li et al., 2021].
There are various metrics for assessing the quality of the

groups created, such as silhouette score and the Calinski-
Harabasz Index [Liu et al., 2010]. However, they do not
provide information about the reasons why an item belongs
to a particular group, nor about the main characteristics of
each group created. Therefore, an important task after creat-
ing the groups is to interpret them [Xu and Wunsch, 2005],
with the aim of understanding the characteristics that stand
out most in each group. Some works in the literature try
to make clustering techniques explainable, by intrinsically
explainable methods [Fraiman et al., 2013; Dasgupta et al.,
2020; Bertsimas et al., 2020] and also with concepts from
Explainable Artificial Intelligence (XAI) [Ellis et al., 2021;
Morichetta et al., 2019]. However, they are dependent on the
clustering algorithm or model. In addition, the works do not
provide a user-friendly description of the interpretation of the
groups, which can be understood by people without techni-

cal knowledge, such as business and marketing people, who
are often the main stakeholders interested in the clusters.
In this work, we create and evaluate a solution called

MAACLI: Model and Algorithm Agnostic CLustering
Interpretability , which is model and algorithm agnostic, gen-
erates a user-friendly output of the interpretation of clusters,
and is understood by lay users in the field of technology.
MAACLI is made up of two independent components. The
first consists of mining the rules of a decision tree, trained
with the groups created by any non-supervised algorithm.
The second component consists of generating a description
of the groups, using the importance of the attributes for each
group, found using XAI techniques.
The proposed solution was evaluated on different datasets:

initially, it was validated on simpler data, with few dimen-
sions and well-separated groups, and then tested on a com-
plex, real dataset provided by a private partner company, con-
taining the segmentation of 263,684 customers into 14 dis-
tinct groups. The results showed that MAACLI can provide
relevant descriptions even for complex data. Compared with
a solution from the literature, it was possible to demonstrate
that the outputs are more explanatory and that the proposal to
be agnostic in terms of algorithm and model is advantageous.
This work is an extension of the paper published at the

Symposium on Knowledge Discovery, Mining and Learn-
ing (KDMiLe 2023) [Oliveira et al., 2023]. In this new ver-
sion, we have added a discussion on new relevant works in
section 2, enhanced the details of the methodology in sec-
tion 3, and included new experiments and results in section 4.
We have also included the limitations of our proposal in sec-
tion 4.3.
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The paper is organized as follows: Section 2 presents re-
lated work. The proposed solution is discussed in Section 3.
The results are presented and discussed in Section 4. Finally,
the concluding remarks are presented in Section 5.

2 Related Work
Despite being a topic that is still little explored, work related
to the explainability and interpretability of unsupervised ma-
chine learning has gained ground in recent years. In particu-
lar, it is possible to find works using Binary Trees tomake the
clustering technique explainable, such as in [Fraiman et al.,
2013; Loyola-González et al., 2020; Dasgupta et al., 2020].
In [Fraiman et al., 2013], for example, the authors pro-

pose a 3-step clustering approach based on Classification
and Regression Trees, where the original supervised strategy
is adapted to unsupervised problems. In [Loyola-González
et al., 2020], the authors use an ensemble method to gener-
ate groups through a set of unsupervised trees. The trees are
created with a proposed evaluation function for splitting the
nodes of the tree, which takes into account the separation be-
tween groups and the compactness of items within the same
group. The work of [Dasgupta et al., 2020] follows the same
path, proposing the creation of a tree using centroids previ-
ously found by center-based clustering methods, such as k-
means and k-medians, to calculate the objective function for
creating the tree.
The last mentioned work is later improved, where [Frost

et al., 2020] propose a new method called Explainable k-
means clustering algorithm, ExKMC, that allows the cre-
ation of trees with more leaves than the number of groups
generated by the basic algorithms. In [Laber et al., 2023],
the authors use metrics related to tree complexity to generate
smaller andmore explainable trees than ExKMC [Frost et al.,
2020].
This proposal manages to turn k-means into an explainable

algorithm with the addition of a small cost. The approach
works for groups that have already been created, but it is de-
pendent on the model, which must be based on centers. As a
result, the proposed method generates a decision tree capable
of grouping data while maintaining the natural explainability
of decision trees. The main disadvantage of these solutions
is that they require the clustering to be done by the proposed
algorithm or model. MAACLI, on the other hand, accepts
previously created groups, regardless of the algorithm and
model used.
Although trees are popular for this type of problem,

there are also other approaches. The work of [Ellis et al.,
2021] seeks to adapt the Permutation Feature Importance
[Breiman, 2001] technique to deal with unsupervised learn-
ing.
By regrouping the data with shuffled variables, themethod

manages to find the most important features for clustering
with an algorithm-independent approach by checking for
changes in clustering after breaking feature associations with
the initial clustering.
On the other hand, [Morichetta et al., 2019] propose a

methodology for performing interpretable clustering, which
manages to find the most important characteristics for clus-

tering. The methodology uses the Support Vector Machine
(SVM) and the Local Interpretable Model-Agnostic Explana-
tions (LIME) technique [Ribeiro et al., 2016] to understand
the groups. Finally, [Corral et al., 2009] present a descrip-
tion of each group with common values for most of the sam-
ples.
However, it generates a description of all the attributes,

making it unfeasible in situations with many dimensions, as
well as being unable to deal with continuous numerical at-
tributes. The work by [Moura et al., 2022] proposes a frame-
work for describing groups using a method of discretizing
numerical values by observing the group’s unique identifier
to find better bins with cutoffs at infrequent values. The
work generates a unique description for each group, but does
not provide information on how to deal with categorical at-
tributes.
Table 1 shows a comparison of the related works based on

the following criteria:

1. The work is agnostic to the clustering algorithm.
2. The work can handle numerical attributes.
3. The work can handle categorical attributes.
4. The work generates a descriptive output that is easy to

understand and interpret.

Table 1. Comparison of Works on Cluster Explainability

Work 1 2 3 4
[Fraiman et al., 2013] ✓ ✓

[Loyola-González et al., 2020] ✓ ✓
[Dasgupta et al., 2020; Frost et al., 2020] ✓ ✓

[Ellis et al., 2021] ✓ ✓ ✓
[Morichetta et al., 2019] ✓ ✓ ✓
[Corral et al., 2009] ✓ ✓
[Moura et al., 2022] ✓ ✓ ✓

MAACLI (This Work) ✓ ✓ ✓ ✓

Although all of these studies have made progress in ex-
plaining groups, making it possible to understand why a par-
ticular element has been allocated to a particular group, they
do not focus on a user-friendly description of groups that
helps end-users interpret them. And the works that offer
this user-friendly description intrinsically through trees, are
model-dependent or present new clustering methods. The
proposal MAACLI aims to advance the state of the art in the
explainability of clusters by solving these problems.
In this sense, this work aims to provide a user-friendly and

model-independent description of pre-existing groups auto-
matically, regardless of the model and algorithm used. Last,
but not least, it is worth highlighting that this work seeks to
meet a market demand, which often struggles to explain the
created groups to clients in areas such as marketing, sales,
customer service, and others.

3 MAACLI:Model and Algorithm Ag-
nostic CLustering Interpretability

The MAACLI solution consists of two main independent
components: a first component that creates, extracts, and pro-
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Figure 1. Overview of the proposed solution MAACLI

cesses rules from a decision tree trained with data grouped
by some clustering algorithm (see Section 3.1); and a sec-
ond component, which consists of generating descriptions
for the most important attributes that define and characterize
the groups created (see Section 3.2).
Figure 1 shows an overview of the proposed solution. The

solution manages to provide complete descriptions so that
end users can understand the groups created in a simple way,
with a global view of the characteristics from the first com-
ponent, and a complete description of the attributes with the
second component. The two components together provide a
detailed and user-friendly interpretation of the groups, which
can be understood by end users. In summary, MAACLI is a
solution for group interpretability independent of the model
and clustering algorithm used, which generates three outputs
(visuals, rules and descriptions) that are easily understood by
end users of the cluster.

3.1 Interpretability using decision trees
A decision tree is a classification strategy that manages to
separate data by creating a tree structure. To do this, they are
recursively split binarily at each node of the tree, creating an
axis-parallel hyperplane to split the data space into two re-
sulting half-spaces or regions, which also induces a partition
of the data points, until a leaf is reached. The aim of each
split is to reduce the impurity of the data so that the classes
are separated correctly [Breiman et al., 1983]. Decision trees
are a powerful machine learning tool, with an intrinsic char-
acteristic: ease of interpretation [Molnar, 2022].
The tree generated by decision tree algorithms can be un-

derstood as rules in the format If-Then connected by the log-
ical operator AND. Each path to a leaf in the tree represents
a rule, where, if all the conditions are accepted for a sample,
then it belongs to the class with the highest number of indi-
viduals at that node. With this, a tree can be created with the
groups, so its rules can help interpret them. In this case, the
group identifiers are utilized as categorical labels, and a tree
is trained based on the predefined groups.
From the complete tree, two possible outputs can be ob-

tained: visual and textual. The visual output shows the struc-
ture of the tree with its nodes and branches, while the textual
output contains a representation of the rules in text form. The
solution proposed in this work receives the dataset and the

data labels that represent the group unique identifier assigned
to each sample, indicating the cluster to which it belongs, as
determined by an arbitrary clustering model, and returns a
list with the rules for each group and the tree created.

Algorithm 1 outlines this component. A decision tree
model is first created with the given parameters and the clus-
tered data (line 1). Then, for each sample in a group, the rules
are extracted and stored in a list (line 4). After finding the
rules for all the data in the group, the unique rules are filtered
out, removing redundancies, for example, the rule X < 10
AND X < 9 could be reduced to X < 9 only (line 5). After
that, the number of occurrences of each rule is used to filter
out those that represent a minimum number of data points
(lines 6 - 9). This minimum number N is parameterizable
and can be specified by the user according to their interests.

Algorithm 1 Decision tree rule extraction
Require: Dataset D = {x1, x2, . . . , xn}, Data Labels L =
{l1, l2, . . . , ln}, minimum rules sample size N

Ensure: Set with rules for each of the groups and the visual
tree output

1: T ← Tree(D, L) ▷ Creates a decision tree with Data
labels being the target

2: Rules← {}
3: for each unique label l ∈ L do
4: Rl ← ExtractRules(T, l) ▷ Extract all rules that

describe the data group with label l
5: Rl ← RemoveRedundancies(Rl) ▷ Remove

redundancies from the rules
6: for each unique rule r ∈ R do
7: if Percentage of group l in r < N then
8: Rl ← Rl \ {r} ▷ Remove rules that are not

representative
9: end if
10: end for
11: Rules← Rules ∪Rl

12: end for
13: return Rules, V isualOutput

At the end of the execution of this component, visual and
textual outputs are generated.
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3.2 Interpretability by describing themost im-
portant attributes

The visual and textual outputs in the form of rules are im-
portant for indicating which criteria were taken into account
when separating the groups. However, they still require man-
ual and often technical analysis, making interpretation dif-
ficult. Therefore, to complement these outputs, the second
component of MAACLI generates a user-friendly textual de-
scription, which is the main contribution of this work.
The second component of the solution consists of gener-

ating descriptions of the most important attributes for each
group. To extract the most important attributes from each
group, the proposed solution initially creates a classification
model that can separate the groups, using the algorithm XG-
Boost1. This model is trained using the clustering data with
the group identifiers of each individual as the labels. Once
the model has been trained, this work proposes an adapta-
tion of the Permutation Feature Importance [Breiman, 2001]
technique to select the most important attributes of each
group, as described below.
The Permutation Feature Importance technique consists

of applying permutations to attributes to see how much this
affects the performance of supervised models. Initially, the
error of the original model is computed (e = L(y, f(X))),
where y is the target vector, X is the data matrix, f is
a trained model, and L(y, f) is an error measure, such
as accuracy or recall. After that, each attribute of X =
{x1, x2, x3, ..., xn} is permuted and a new error is computed
(eperm = L(y, f(X̂j)), where X̂j represents the original
data matrix with the attribute j permuted. The importance
Ij of attribute xj is calculated by the difference in errors
(Ij = e − eperm), and the more the permutation of an at-
tribute negatively affects the classification results, the more
important it is.
This strategy manages to extract the importance of fea-

tures globally. However, to generate the description of the
groups, it is necessary to find out what attributes are most
important for each group individually. An attribute can be
important for a specific group, characterizing the group in
question and differentiating it from the others, while it is ir-
relevant for characterizing the other groups. The importance
of attributes for each group, proposed in this work, deals with
these situations.
To find the importance of each group, the Permutation

Feature Importance was changed to analyze each class in-
dependently. To this end, the importance was calculated by
observing how much the permutation of an attribute affects
the recall of each class. Recall was used because it represents
the sensitivity of the classification, indicating the relevant el-
ements that were classified in each class. The adapted tech-
nique was then applied to the model trained with the grouped
data and the most important characteristics for each group
were extracted. Attributes with importance values greater
than zero are considered important for a given group, while
the rest are considered unimportant. The next step is to de-
scribe the most important attributes for each group.
Each group was described using an adaptation of the De-

tailed Anti-Unified Algorithm (DAU) [Corral et al., 2009].
1Another classification algorithm can be used

The idea behind the original algorithm is to create descrip-
tions by adding a new element to each group. This new ele-
ment contains as attributes the values present in most of the
individuals already present in the groups and the new ele-
ments created are used as a description of each group. For
MAACLI, the algorithm is adapted to also work with contin-
uous numerical values. As DAU uses the concept of values
present in themajority of elements, the original approachwas
unable to deal with continuous values.

Algorithm 2 Generating group descriptions
Require: Dataset D = {x1, x2, . . . , xn}, Data Labels Y =
{y1, y2, . . . , yn}, Number of permutations N

Ensure: Set with descriptions for each of the groups
1: M ←Model(D, Y ) ▷ Creates a supervised model with

Data labels being the target
2: for each label l ∈ Y do
3: Dl ← {x ∈ D | label(x) = l}
4: yl ← {y ∈ Y | y = l}
5: Pbaselinel

← L(yl, M(Dl)) ▷ Evaluate
performance of the model for group l

6: F ← {}
7: for each feature f ∈ D do
8: Ifl

← 0
9: for i = 1 to N do
10: D′ ← D ▷ Create a copy of the dataset
11: D′ ← Permute the values of feature f in D′

12: Pperm ← L(yl, M(D′
l)) ▷ Evaluate the

performance with permuted feature
13: Ifl

← Ifl
+ (Pbaselinel

− Pperm) ▷
Compute the importance of feature f

14: end for
15: Ifl

← Ifl
/N ▷ Average importance over all

permutations
16: if Ifl

> 0 then
17: F ← F ∪ f ▷ include only important

features to create descriptions
18: end if
19: end for
20: E ← createElement(D, l)
21: I ← I ∪ generateDescriptions(E, F )
22: end for
23: return I

To meet this requirement, an adaptation using quartiles of
the data was used. When a continuous numerical attribute
is found, the values of the first and third quartiles, Q1 and
Q3 respectively, are calculated and inserted into the descrip-
tion of that group. Thus, the continuous numerical value is
converted into the format 75% greater than Q1 and 75% less
than Q3. Thus, a categorical attribute with the first and third
quartiles ([Q1, Q3]) of the continuous variable is inserted into
the new group element, analyzing the distribution of group
values. This adaptation respects the concept of attributes
present in most group data, describing continuous attributes
as well. Furthermore, using quartiles makes the description
resistant to extreme values.
With this, the new elements created are used together with

the importance of the attributes to describe each group. At-



Explainable Clustering: A solution to interpret and describe clusters de Oliveira et al. 2025

tributes with importance equal to zero of the new elements
created are discarded, while attributes of greater importance
are given preference in the description output.
Algorithm 2 details the proposed solution. Briefly, the de-

scription solution works as follows: initially, the groups are
modeled with a classification algorithm (line 1), where a su-
pervised algorithm is trained using the unsupervised dataset
D and the set of data labels Y (i.e., clusters unique identi-
fiers); after that, the most important attributes of each group
are found with the adaptation of Permutation Feature Impor-
tance, where the model is first evaluated on the original data,
and then the original data is permuted with respect to each
feature, with the model being evaluated again on the per-
muted data (lines 2 - 19); then, a new description element is
created for each group (line 20); and finally, the descriptions
are generated by analyzing themost important attributes (line
21).

4 Results and Discussion
To evaluate the proposed solution, validation was first car-
ried out on two datasets with few dimensions and few groups.
This allows the correct results to be verified. Next, tests were
carried out on real, complex data, with 27 dimensions and
14 groups, containing the segmentation of a company’s cus-
tomers. Finally, the solution was tested on synthetic datasets
with a more complex distribution, demonstrating a limitation
of the solution.

4.1 Validation Data Sets

Figure 2. Synthetic - 1 Dataset Distribution
To carry out the first tests, two datasets were initially used.

A synthetic set of clusters, illustrated in Figure 2, with two di-
mensions and 750 values separated into 3 groupswith centers
at (1, 1), (−1,−1) and (1,−1), generated manually using
Isotropic Gaussian Blobs2 and clustered using KMeans. And
a second synthetic dataset, illustrated in Figure 3, also man-
ually generated using Isotropic Gaussian Blobs2, but with
denser data and more complex clusters than the previous one,
generated by the BIRCH clustering algorithm [Zhang et al.,
1996].

2https://scikit-learn.org/stable/modules/generated/
sklearn.datasets.make_blobs.html

Figure 3. Synthetic - 2 Data Set Distribution

4.1.1 Decision Tree Rules

Table 2. Generated Rules for the Dataset Synthetic - 1

Data Group Rules
Synthetic - 1 0 Y > 0.11
Synthetic - 1 1 Y ≤ 0.11 AND X ≤ -0.23
Synthetic - 1 2 Y ≤ -0.15 AND X > 0.09

Table 2 shows the rules generated with the first component
of the proposed solution. The tree went through the rule ex-
traction and pre-processing stage, where only rules with at
least 10% of the instances in each group were returned. This
value is configurable, being used to filter out very specific
rules that may bring complexity to the interpretation of the
groups. It can be observed that the rules provide a simple ex-
planation for the created groups. For the synthetic datasets,
the data were delimited on the X and Y axes, according to
each group. For the second synthetic dataset, the decision
tree failed to model the data satisfactorily, generating too
many rules with too few samples. However, the other com-
ponent of the solution was able to describe the dataset well.
The visual output for the first synthetic data, using the de-

cision tree, was also generated, containing 6 levels and 21
nodes. Appendix A presents an example of the visual output
of the first component of MAACLI for synthetic data. You
can see the complete tree with the detailed rules. It is worth
noting that there are several rules that were not included in
the rule generation, i.e., rules that contained less than 10%
of the data in each group represented by them. The visual
output can be useful for a better understanding of the groups,
but it is more complex to analyze since it requires visual ob-
servation from the root to the leaf of the tree to understand a
given rule.

4.1.2 Attribute descriptions

Table 3 presents the importance of the attributes returned for
each group of the datasets used. The column importance con-
tains tuples with the attribute name and its respective impor-
tance, ranging in the interval [0, 1]. Attributes with an im-
portance of 0 were ignored. It is possible to observe that for
the dataset synthetic - 1, attributes X and Y vary in impor-
tance across different groups. While for Group 0, attribute

https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_blobs.html
https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_blobs.html
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Y is more important, for Group 1, attribute X shows greater
importance. For Group 2, the attributes have similar impor-
tance in group creation. By the centers of the groups created
at (1, 1), (−1,−1), and (1,−1) respectively for Groups 0,
1, and 2, it is possible to observe that these importance are
coherent. From Figure 2, it is possible to observe that these
attribute importance are consistent with the data.
For the second synthetic dataset, it can be seen that the im-

portance also managed to represent the data well. For groups
0 and 2, feature Y was the most important, while for group 1
feature X was the most important. Looking at Figure 3, you
can see that the importance is coherent. Groups 0 and 1 are
almost completely separated by the Y axis, while group 1 is
separated from the others on the X axis.

Table 3. Generated importance for the Datasets
Data Groups importance

Synthetic - 1 0 (X, 0.17), (Y, 0.67)
Synthetic - 1 1 (X, 0.61), (Y, 0.16)
Synthetic - 1 2 (X, 0.31), (Y, 0.35)
Synthetic - 2 0 (X, 0.08), (Y, 0.48)
Synthetic - 2 1 (X, 0.80), (Y, 0.18)
Synthetic - 2 2 (X, 0.08), (Y, 0.51)

Figure 4 shows the description of the second synthetic
dataset. It manages to extract the characteristics of the cluster
in a user-friendly way and is a simple description. However,
looking at Figure 3, you can see that the solution is unable to
extract some more complex shapes, limiting itself to describ-
ing the data through a rectangular or cubic region (for three or
more dimensions) in the plane with the most relevant data for
the description, which can hide important information about
the cluster. A more complete analysis of the limitations of
the solution is conducted in Section 4.3.

Cluster 0 description:
Y:

75% greater than -1.385
75% less than -0.351

X:
75% greater than -0.375
75% less than 1.396

Cluster 1 description:
X:

75% greater than -2.128
75% less than -1.363

Y:
75% greater than -0.258
75% less than 1.368

Cluster 2 description:
Y:

75% greater than 0.387
75% less than 1.388

X:
75% greater than -1.025
75% less than 0.555

Figure 4. Synthetic - 2 Description

4.2 Real Dataset: Customer Segmentation

After validation using datasets with few dimensions and in-
stances, MAACLI was applied to a real dataset from a com-
pany.
The dataset used consists of customer segmentation data

from a private company. It contains information on 263,684
customers segmented into 14 groups using a proprietary solu-
tion from the company, where one group was used as noise
to include customers who did not fit into any other group.
The data comprises 27 attributes representing characteristics
such as age, income, contracted products, and profession of
the customers. The dataset was applied in the proposed so-
lution to interpret the groups and thus enable better decision-
making by end-users for the created groups. For privacy rea-
sons, customer identifiers were not used, nor were any other
attributes that could be used to trace them. Product names
were also changed.
Tree and Rules: Figure 5(a) shows the rules generated

by the first component of the solution for the first 3 groups
of the dataset. The data has some dummy attributes and the
pre-processing stage deals with this by providing simpler out-
puts through affirmations (i.e., Is) or negations (i.e., Is not),
as can be seen in the figure. According to the rules, Group 0
is characterized by containing customers who do not use cer-
tain types of products (i.e., Products 10, 9, 6, and 7) and have
Profession 3. For Group 1, the result showed that it contains
customers who use Product 9 and do not belong to Profes-
sion 2. Finally, Group 2 is made up of customers who use
Product 10. With these rules, it is possible to target strategic
campaigns to groups of customers with a certain profession
and product, for example.
Description of Important Attributes: Moving on to the

second component, you can see the output of the description
of the attributes in Figure 5(b). The previous rules can pro-
vide a characterization of the groups created, aiding interpre-
tation. With the description of the attributes, it is possible to
add even more value to the interpretation of the groups. Ini-
tially, it can be seen that for Group 0, 2 important attributes
are identified that influence its creation. Group 0 can be char-
acterized by customers with Profession 3 who use Product 4,
while Group 1 is characterized by customers that use Prod-
uct 9. However, Group 1 also has customers with a similar
length of time as customers and a well-defined age, between
40 and 51. Group 1’s income is in a wide range (i.e., 1,500
to 10,000), but was still considered important by the solution.
As for Group 2, it is possible to observe the presence of cus-
tomers with Product 10, a lower age (i.e., 21 to 27 years), a
lower income (i.e., 400 to 1,200), and only one active prod-
uct on average.
To visually illustrate the coherence of the descriptions, Fig-

ure 6 contains a radar chart with the distribution of the impor-
tant attributes for the 3 groups analyzed (Groups 0, 1, and 2),
comparing themwith the other groups. In linewith the output
of the descriptions, Group 0 (blue) stood out from the other
groups with regard to Product 4 and Profession 3 of the cus-
tomers present. For Group 1 (red), Product 9 and customer
time stood out from the other groups, which was described in
the output of the proposed solution (see Figure 5(b)). Finally,
for Group 2 (green), it is possible to observe the strong pres-
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Group 0 Rules:
Not Product 10 AND
Not Product 9 AND
Not Product 6 AND
Profession 3 AND
Not Product 7
Quantity: 2713 - 100.0%

Group 1 Rules:
Product 9 AND
Not Profession 2
Quantity: 6329 - 100.0%

Group 2 Rules:
Product 10
Quantity: 7331 - 100.0%

(a) Rules of Groups 0, 1, and 2

Group 0 Description:
Profession 3: 100% of values 1
Product 4: 100% of values 1

Group 1 Description:
Product 9: 100% of values 1
Customer time:
75% greater than 1744.0
75% less than 1805.0

Customer age:
75% greater than 40.0
75% less than 51.0

Average income:
75% greater than 1500.0
75% less than 10000.0

Group 2 Description:
Average active products: 100% of values 1
Product 10: 100% of values 1
Customer age:
75% greater than 21.0
75% less than 27.0

Average income:
75% greater than 400
75% less than 1200

(b) Description of Groups 0, 1, and 2

Figure 5. Application of MAACLI on real data

ence of Product 10, as well as average income and average
active products below the other groups, as also generated in
the solution output in Figure 5(b). In other words, the groups
analyzedwere well described by the solution compared to the
other groups. This analysis was also carried out for the other
groups, but as each analysis generates a different figure due
to the differences in the important attributes, it was decided
to keep the analysis of groups 0, 1, and 2 as an example.

To complement the analysis, the Mann-Whitney [Mann
and Whitney, 1947] hypothesis test was applied for contin-
uous variables and the chi-squared (χ2) test for categori-
cal variables, considering the two most important attributes
found by the algorithm for each group. The Chi-squared (χ²)
test is a statistical test used to determine if there is a signif-

Figure 6. Distribution of some attributes for each group

icant association between categorical variables, where the
null hypothesis is that there is no difference in the distribution
of responses to the outcome across comparison groups. The
Mann–Whitney test is a nonparametric test that compares
two independent groups to assess whether their distributions
differ and the null hypothesis is that there is no difference
between the two groups in the population.
This way, we can see if there is a significant difference

between one group and the others for the most important at-
tributes found by MAACLI. For this, we conducted the ex-
periment with the cluster for which the important feature was
identified, while the remaining clusters comprised the other
group we aimed to compare and apply the tests. Our null
hypothesis is that there is no significant difference between
these two groups.
You can see the results of the tests in Table 4. The low

p-values show that the important features found are signifi-
cantly different for the rest of the groups. Note that some
groups have only one important attribute, showing that just
one attribute is enough to describe some groups.

Table 4. Hypothesis tests of the two most important attributes for each group.
Group p-value Attribute 1 p-value Attribute 2
Group 0 ≪ 0.0001 ≪ 0.0001
Group 1 ≪ 0.0001 ≪ 0.0001
Group 2 ≪ 0.0001 ≪ 0.0001
Group 3 ≪ 0.0001 -
Group 4 ≪ 0.0001 -
Group 5 ≪ 0.0001 -
Group 6 ≪ 0.0001 -
Group 7 ≪ 0.0001 -
Group 8 ≪ 0.0001 0.041
Group 9 ≪ 0.0001 -
Group 10 ≪ 0.0001 -
Group 11 ≪ 0.0001 ≪ 0.0001
Group 12 ≪ 0.0001 -

Comparison with base solution: Finally, a comparison
was made with the ExKMC [Frost et al., 2020] solution,
which creates an expanded version of K-Means. The result
was a treewith 14 levels and 51 leaves, which led to the expla-
nation of all groups, with very complex rules. The reason for
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such a complex tree is that, unlike MAACLI , ExKMC does
not allow pruning according to the number of items covered
by the rules. More importantly, it is worth highlighting that
to run ExKMC, it was necessary to use the original raw data,
as it is a specific clustering algorithm. In other words, unlike
MAACLI which is agnostic in terms of algorithm andmodel,
ExKMC does not allow the use of another algorithm. Finally,
in addition to the output in tree format, MAACLI also gen-
erates textual rules and descriptions.

4.3 Limitations

(a) DBscan

(b) KMeans

Figure 7. Synthetic dataset distribution

Finally, MAACLI was tested on a synthetic dataset pre-
sented in Figure 7 representing two concentric circles, clus-
tered with two different clustering algorithms.

Table 5. Importance generated for the circles
Group X-axis Y-axis

Group 1 - DBscan 0.33 0.34
Group 2 - DBscan 0.31 0.30
Group 1 - KMeans 0.48 0
Group 2 - KMeans 0.49 0

It is possible to see the importance generated for the groups
in Table 5. Both features have similar importance for DBscan

clustering, showing that both are important for the groups.
When KMeans is used, only the X axis is considered impor-
tant. This makes sense given the distribution of the data. In
Figure 8 we can see the description of group 0 generated by
MAACLI for DBScan clustering. Note that the description
cannot capture the circular and concentric shape of the data,
which may lead the user to infer that the data has a distribu-
tion that is not consistent with the actual distribution of the
data. Given the simplicity of the KMeans clustering, its de-
scription has been omitted.

Cluster 1 Description:
Y:

75% greater than -0.9
75% less than 0.892

X:
75% greater than -0.881
75% less than 0.88

Cluster 2 Description:
X:

75% greater than -0.431
75% less than 0.445

Y:
75% greater than -0.443
75% less than 0.433

Figure 8. Descriptions for concentric circles

In these cases where the data presents more complex dis-
tributions, the solution may not be suitable for the inter-
pretability of the groups. Similarly, algorithms that can gen-
erate clusters with more complex shapes, such as density-
based clustering algorithms, may not have the groups fully
explained by the solution descriptions. In other words, the
same data clustered in different ways can influence the shape
of the clusters, making it difficult to interpret them using the
proposed solution.
Likewise, the rules generated by the tree with at least 10%

of the samples, shown in Figure 9, despite being more in-
teresting and complete, may not show in a simple way the
distribution presented in the data. As previously mentioned,
decision trees divide data into half-spaces, making it difficult,
for example, for data containing concentric circles separated
into two clusters.
To further analyze the solution, a benchmark [Gagolewski,

2022] called g2mg3 was used with several datasets of syn-
thetic data. The benchmark consists of data generated us-
ing Gaussian components, with a standard deviation equal to
variance×

√
dimension/n where n is the number of clus-

ters in the dataset. Data was generated containing two and
ten well-defined centers, with the dimension and variance
varying between smaller and larger values, to assess the im-
pact on the results.
With this data, our solution was applied to generate each

cluster’s description. For a dataset with k clusters, our solu-
tion generates a description D = {d1, d2, ..., dk}, with one
set of conditions for each cluster i. To assess the quality of a

3https://clustering-benchmarks.gagolewski.com/weave/data-
v1.htmlg2mg
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Cluster 1 rules:
X greater than 0.58
Quantity: 153 - 30.6%

X less than or equal to 0.58 AND
X greater than -0.61 AND
Y greater than 0.63
Quantity: 104 - 20.8%

X less than or equal to 0.58 AND
X greater than -0.61 AND
Y less than -0.68
Quantity: 98 - 19.6%

X less than or equal to -0.61
Quantity: 145 - 29.0%

Cluster 2 rules:
X less than or equal to 0.58 AND
X greater than -0.61 AND
Y less than or equal to 0.63 AND
Y greater than -0.68
Quantity: 500 - 100.0%

Figure 9. Rules for concentric circles

description generated, the average coverage is calculated for
each data set used. The average coverage consists of:

avg_cov =
k∑

i=1

|V |
|Ci|

(1)

Where V = {∀xj ∈ Ci | di(xj) = True} and Ci ⊂ X ,
Ci = {x1, x2, ..., xn} the set of elements that belong to clus-
ter i. An average coverage of 1 means that all elements of all
clusters were correctly covered by the description generated
by our solution.
Figures 10 and 11 show the average coverage of the de-

scriptions generated for the benchmark for datasets with 2
and 10 clusters, respectively. Figure 10 shows that, as the
dimension increases, the coverage tends to decrease slightly,
but not significantly for most cases. From 16 dimensions on-
wards, some cases with zero coverage were identified, due to
the algorithm’s difficulty in finding the important features.
On the other hand, when we have 10 clusters (see Figure

11), increasing the dimension reduces the chance of not find-
ing important features, but the solution becomes more sensi-
tive to the number of dimensions, making it difficult to de-
scribe the clusters. In this scenario, variance had no negative
effect for the same dimension value.
Based on these results, we can see that MAACLI is able to

describe clusters with up to 8 dimensions well, with accept-
able coverage of over 80%, even for 10 clusters. However,
when the number of dimensions is 16 or higher, the coverage
of cluster explanation decreases for the scenario with 10 clus-
ters and becomes unstable for the scenario with 2 clusters,
being more impacted by the variance of the data. It is there-
fore important to check the coherence of the description for
high dimensions, regardless of the number of clusters found
and the variance of the data.

Figure 10. Data with 2 centers

Figure 11. Data with 10 centers

5 Concluding Remark

This paper presents a solution for the interpretability of
groups generated by unsupervised algorithms. The solu-
tion automatically returns user-friendly descriptions of the
groups, regardless of the model and algorithm used. This
makes it possible for end users, without technical knowledge,
to interpret the groups created without having to carry out ex-
tensive and repetitive manual analysis. The results show that
two types of simple descriptions are generated which are ca-
pable of characterizing the groups, even for real data with
many attributes and groups.

For both well-separated and complex data, the solution is
able to generate simple and user-friendly descriptions. How-
ever, for certain types of data, clustering, and dimensions,
MAACLI should be used cautiously, as certain characteris-
tics of the data may not be captured, since our solution de-
scribes the data as rectangles or cubes in space, which may
not be ideal for certain datasets. As future work, it is possi-
ble to propose better ways to describe continuous attributes,
exploring, for example, data variance or data discretization
strategies. Furthermore, improvements in methods can be
proposed to simplify the description of data with more com-
plex and less clear distributions, keeping the output friendly.
Finally, the way of finding important features could be im-
proved to avoid using an auxiliary supervised model.
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Appendix A Visual Tree Output
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