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Abstract—In the spirit of explainable AI approaches, this
paper introduces a new strategy whose aim is to linguistically
describe the inner structure of a dataset. Instead of removing
irregular points and focusing on the analysis of regular points,
the proposed approach relies on a unified data structure, an
isolation forest, to both separate regular from irregular points
and to identify their inner structure using a data-driven similarity
measure. In addition, clusters of regular and irregular points
are then linguistically described so as to help users focus on the
most characteristic properties of each cluster and to possibly
understand the reason why some points are irregular.

I. INTRODUCTION

A first step toward the discovery of the knowledge em-
bedded in a raw dataset is to exhibit its structure and to
explain it to the user. In an unsupervised setting, clustering
algorithms can be used to identify subgroups of points, called
clusters, such that points assigned to the same cluster are more
similar to one another than they are to points assigned to other
clusters. This task relies on the definition of a comparison
measure to determine how similar two points are. Points
are grouped based on shared properties to form clusters. A
cluster of a sufficient number of points describes a regular
phenomenon that may be observed in the data. However, in
many if not most of the applicative contexts, datasets cannot
be completely and strictly decomposed into clusters of regular
phenomena. There generally exist a few points that are very
different from the others and that correspond to rare events,
anomalies, outliers, etc. These points, that do not share enough
data properties to be considered members of the identified
clusters, are called irregularities in this work; they can affect
the result of the clustering task if they are not dealt with
through a specific process, as most clustering algorithms are
not robust with respect to outliers. Moreover, being aware of
the existence of these irregularities and understanding their
properties is of a particular importance in a data-to-knowledge
translation context.

In this work, we introduce a novel approach whose aim is
to linguistically explain the structural properties of a dataset
considering both regular and irregular points. Thanks to the
output of the proposed strategy, the user precisely knows the
main data properties of the found clusters of regularities, as
well as the structural properties of the irregular points if they
exist. Compared to existing approaches to outlier detection
(see e.g [3]), our approach does not only assign a degree
of irregularity to each suspicious point but also identifies

year

price 
(in K€)

100806040

2020

2018

2016

2014

a↵ordable
<latexit sha1_base64="okpY/tQwjed88h/YlGIHqYOyI/A=">AAAB+nicbVDLSsNAFJ34rPWV6tLNYBFclaQVH7uCG5cV7APaUCaTSTt08mDmRi2xn+LGhSJu/RJ3/o2TNIhaDwwczr3n3jvHjQVXYFmfxtLyyuraemmjvLm1vbNrVvY6KkokZW0aiUj2XKKY4CFrAwfBerFkJHAF67qTy6zevWVS8Si8gWnMnICMQu5zSkBLQ7MyAHYPKfH9SHpEu2ZDs2rVrBx4kdgFqaICraH5MfAimgQsBCqIUn3bisFJiQRO9bzyIFEsJnRCRqyvaUgCppw0P32Gj7TiYb1cvxBwrv50pCRQahq4ujMgMFZ/a5n4X62fgH/upDyME2AhnS/yE4EhwlkO2OOSURBTTQiVXN+K6ZhIQkGnVc5DuMhw+v3lRdKp1+xGrXF9Um3WizhK6AAdomNkozPURFeohdqIojv0iJ7Ri/FgPBmvxtu8dckoPPvoF4z3LxBFlJs=</latexit>

expensive
<latexit sha1_base64="9sRpb8iW2pqcQDX/yGwEmivIYNU=">AAAB+XicbVBNS8NAEN3Ur1q/oh69BIvgqaSt+HErePFYwX5AG8pmO2mXbjZhd1JaQv+JFw+KePWfePPfmKRB1Ppg4PHeDDPz3FBwjbb9aRTW1jc2t4rbpZ3dvf0D8/CorYNIMWixQASq61INgktoIUcB3VAB9V0BHXdym/qdKSjNA/mA8xAcn44k9zijmEgD0+wjzDCGWQhS8yksBmbZrtgZrFVSzUmZ5GgOzI/+MGCRDxKZoFr3qnaITkwVciZgUepHGkLKJnQEvYRK6oN24uzyhXWWKEPLC1RSEq1M/TkRU1/rue8mnT7Fsf7rpeJ/Xi9C79qJuQwjBMmWi7xIWBhYaQzWkCtgKOYJoUzx5FaLjamiDJOwSlkINykuv19eJe1apVqv1O8vyo1aHkeRnJBTck6q5Io0yB1pkhZhZEoeyTN5MWLjyXg13patBSOfOSa/YLx/AZ5WlGI=</latexit>

very expensive
<latexit sha1_base64="G1Ua0Si5i6CoF1seVAGlp3HB9pY=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2Xaio9dwY3LCvYBbSmZ9LYNzWSG5E5pGQr+ihsXirj1O9z5N6YPRK0HAodzzuXeHD+SwqDnfTqpldW19Y30ZmZre2d3z90/qJow1hwqPJShrvvMgBQKKihQQj3SwAJfQs0f3Ez92hC0EaG6x3EErYD1lOgKztBKbfeoiTDCxEbGFEYRKCOGMGm7WS/nzUCXSX5BsmSBctv9aHZCHgegkEtmTCPvRdhKmEbBJUwyzdhAxPiA9aBhqWIBmFYyO39CT63Sod1Q26eQztSfEwkLjBkHvk0GDPvmrzcV//MaMXavWolQUYyg+HxRN5YUQzrtgnaEBo5ybAnjWthbKe8zzTjaxjKzEq6nuPj+8jKpFnL5Yq54d54tFRZ1pMkxOSFnJE8uSYnckjKpEE4S8kieyYvz4Dw5r87bPJpyFjOH5Bec9y9dT5Z6</latexit>fi

rs
t

m
o
d
el

s

<latexit sha1_base64="T56vSUCp8mA+kwNuUoPUgBNmR4Q=">AAAB/HicbVDJSgNBEO2JW4zbaI5eGoPgKUwScbkFvHiMYBZIhtDTqUma9Cx014hhiL/ixYMiXv0Qb/6NM5NB1Pig4PFeFVX1nFAKjZb1aRRWVtfWN4qbpa3tnd09c/+go4NIcWjzQAaq5zANUvjQRoESeqEC5jkSus70KvW7d6C0CPxbnIVge2zsC1dwhok0NMsDhHuMXaE0Ui8YgdTzoVmxqlYGukxqOamQHK2h+TEYBTzywEcumdb9mhWiHTOFgkuYlwaRhpDxKRtDP6E+80DbcXb8nB4nyoi6gUrKR5qpPydi5mk985yk02M40X+9VPzP60foXtix8MMIweeLRW4kKQY0TYKOhAKOcpYQxpVIbqV8whTjmORVykK4THH2/fIy6dSrtUa1cXNaadbzOIrkkByRE1Ij56RJrkmLtAknM/JInsmL8WA8Ga/G26K1YOQzZfILxvsXlNmVdQ==</latexit>

la
st

m
o
d
el

s

<latexit sha1_base64="FJDS/b5QkGKfJMoTUbmW9gcpuVY=">AAAB+3icbVDJSgNBEO2JW4zbGI9eGoPgKcwk4nILePEYwSyQhNDTqUma9Cx010jCkF/x4kERr/6IN//GTjKIGh8UPN6r6q56XiyFRsf5tHJr6xubW/ntws7u3v6BfVhs6ihRHBo8kpFqe0yDFCE0UKCEdqyABZ6Elje+mfutB1BaROE9TmPoBWwYCl9whkbq28UuwgRTyTTSIBqA1LO+XXLKzgJ0lbgZKZEM9b790R1EPAkgRG4e0h3XibGXMoWCS5gVuomGmPExG0LH0JAFoHvpYvcZPTXKgPqRMhUiXag/J1IWaD0NPNMZMBzpv95c/M/rJOhf9VIRxglCyJcf+YmkGNF5EHQgFHCUU0MYV8LsSvmIKcbRxFVYhHA9x8X3yaukWSm71XL17rxUq2Rx5MkxOSFnxCWXpEZuSZ00CCcT8kieyYs1s56sV+tt2Zqzspkj8gvW+xe36JT3</latexit>

re
ce

n
t

m
o
d
el

s

<latexit sha1_base64="iLl1P1hpHxXxBbNio6Z1ycinVDA=">AAAB/XicbVBJS8NAGJ241rrF5eZlsAieStKKy63gxWMFu0AbymTypR06WZiZiDUU/4oXD4p49X948984SYOo9cHA433LvO+5MWdSWdansbC4tLyyWlorr29sbm2bO7ttGSWCQotGPBJdl0jgLISWYopDNxZAApdDxx1fZvXOLQjJovBGTWJwAjIMmc8oUVoamPt9BXcqFUAhVDiIPOByOjArVtXKgeeJXZAKKtAcmB99L6JJoHdQTqTs2VasnJQIxSiHabmfSIgJHZMh9DQNSQDSSXP3U3ykFQ/7kdBPe8jVnxMpCaScBK7uDIgayb+1TPyv1kuUf+6kLIwTBSGdfeQnHKsIZ1Fgj+mzFZ9oQqhg2iumIyIIVTqwch7CRYbT75PnSbtWtevV+vVJpVEr4iihA3SIjpGNzlADXaEmaiGK7tEjekYvxoPxZLwab7PWBaOY2UO/YLx/AUhcldg=</latexit>

c1
<latexit sha1_base64="Z8BdLfluYeINaTSRqH7X2m15Ibw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0msVL0VvHisaNpCG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5fsyZ0rb9aZVWVtfWN8qbla3tnd296v5BR0WJJNQlEY9kz8eKciaoq5nmtBdLikOf064/vc787gOVikXiXs9i6oV4LFjACNZGuiNDZ1it2XU7B1omTkFqUKA9rH4MRhFJQio04VipvmPH2kux1IxwOq8MEkVjTKZ4TPuGChxS5aX5qXN0YpQRCiJpSmiUqz8nUhwqNQt90xliPVF/vUz8z+snOrj0UibiRFNBFouChCMdoexvNGKSEs1nhmAimbkVkQmWmGiTTiUP4SpD8/vlZdI5qzuNeuP2vNZqFnGU4QiO4RQcuIAW3EAbXCAwhkd4hheLW0/Wq/W2aC1Zxcwh/IL1/gUA3o22</latexit>

c2
<latexit sha1_base64="podZdOJpxNe8moUiDQGbBA+VPms=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0naUvVW8OKxov2ANpTNdtMu3WzC7kYooT/BiwdFvPqLvPlv3KRB1Ppg4PHeDDPzvIgzpW370yqsrW9sbhW3Szu7e/sH5cOjrgpjSWiHhDyUfQ8rypmgHc00p/1IUhx4nPa82XXq9x6oVCwU93oeUTfAE8F8RrA20h0Z1Ublil21M6BV4uSkAjnao/LHcBySOKBCE46VGjh2pN0ES80Ip4vSMFY0wmSGJ3RgqMABVW6SnbpAZ0YZIz+UpoRGmfpzIsGBUvPAM50B1lP110vF/7xBrP1LN2EiijUVZLnIjznSIUr/RmMmKdF8bggmkplbEZliiYk26ZSyEK5SNL9fXiXdWtWpV+u3jUqrmcdRhBM4hXNw4AJacANt6ACBCTzCM7xY3HqyXq23ZWvBymeO4Res9y8CYo23</latexit>

Fig. 1. Toy dataset of secondhand cars with regular trends and irregularities
according to the price and year attributes.

properties shared by irregularities and links each cluster of
anomalies with one (or several) cluster(s) of regularities.

To illustrate the goal and interest of the proposed approach,
let us consider a user looking for a Tesla car to buy in a set
of classified ads. Figure 1 depicts a fictitious distribution of
the available cars according to their price and year. It may be
observed that, when recent, these cars are very expensive and
they may be considered expensive after a few years and only
the oldest models are affordable. Wrt. these three groups of
couples price/year that are generally observed, a few points do
not follow these trends. The goal of this work is to explain the
main trends that may be observed in the data as well as existing
irregularities. It may for instance be interesting to underline
the existence of the few recent Tesla (group c1 on Fig. 1) that
are cheap or the atypical car from 2014 (group c2 on Fig. 1)
that is still very expensive. Linguistic explanations are then
provided to the user to give him/her a complete overview of
the most interesting structural properties that may be observed
in a dataset, concerning both regularities and irregularities.

To reach this goal, the approach proposed in this paper relies
on an isolation forest [8], [5] and leverages the knowledge
it captures for several subtasks: it first proposes to exploit
it to compute a similarity measure that possesses the two
interesting properties of being data-driven and contextual. It
then proposes to use the isolation forest to identify irregu-
larities and to exploit the derived similarity matrix as input to
Agglomerative Hierarchical Clustering (AHC) to form clusters
of regular and irregular points. It finally proposes to apply a
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linguistic rendering step to provide a linguistic description of
the knowledge extracted from the data, both for the regular and
irregular clusters, based on a fuzzy vocabulary also inferred
from the data.

The rest of the paper is structured as follows. Section II first
positions the proposed approach wrt. related existing works.
Section III recalls the principle of an isolation forest, describes
the proposed approach to infer a similarity matrix from it and
how to use this similarity matrix within AHC, distinguishing
between regular and irregular points. Section IV then details
the linguistic rendering part of the approach. Experimentations
described in Section V show the relevance and the efficiency
of the proposed approach. Section VI concludes the paper.

II. RELATED WORKS

The functional goal of the proposed approach is to generate
useful linguistic explanations about the data inner-structure.
It thus belongs to the framework of linguistic summarization
(see e.g. [1]), with the specificity to extract automatically the
relevant and appropriate structure, based on the data cluster
decomposition, beyond subsets of the data characterised by
a fuzzy quantifier, as is usually the case with predefined
protoforms. It can also be related to class characterization
techniques that for instance focus on the linguistic explanation
of the most typical points of each cluster [11]. Compared with
this approach, the one proposed in this work differs on two
main aspects.

The first one concerns the form of the generated ex-
planations: a first possibility would be to consider all the
possible conjunctive combinations of properties as possible
explanations, which of course leads to more precise and dis-
criminative descriptions of the classes but at the expense of a
significant computation cost. Therefore, for an efficiency sake,
it is proposed to quantify the extent to which each linguistic
term from a fuzzy vocabulary is typical wrt. the considered
class, considering the notion of typicality introduced in [9], as
detailed in Section IV-B.

The second noteworthy aspect of the proposed approach
is to consider that a dataset contains regular points but also
irregularities that may also possess a cluster-based structure.
In a context of fraud detection, the authors of [6] introduce
an incremental strategy that makes it possible to exhibit such
clusters of anomalies. In addition to being able to discover
such clusters of rare and distant points, the approach proposed
in this paper goes further, by identifying links between clusters
of regular and irregular points and by incorporating a linguistic
description of these links in the final summary.

This focus on the structural properties of the irregular
points and their possible links with clusters of regular points
also makes the proposed approach different from existing
approaches dedicated to the identification of irregularities, as
the Local Outlier Factor [2] or the isolation forest [8] and
its extended version [5]. These classic approaches to anomaly
detection compute anomaly scores to determine if points are
regular or not. A quite opposite point of view is proposed
in [14], where, instead of linguistically describing anomalies
and their structure, these anomalies are detected from the

linguistic description of the data using a specific distance
measure. The granularity of the description provided by the
approach proposed in this paper is finer since, in addition to
being able to identify classes of anomalies, it also provides
linguistic descriptions of the distinctive properties of each
class.

III. DATA STRUCTURING
BASED ON AN ISOLATION FOREST

This section describes the approach proposed to determine
the data structure, both in terms of regular and irregular
clusters. As it relies on the exploitation of an Isolation Forest,
the principle of this machine learning tool is first recalled.
The following subsections describe the proposed similarity
measure derived from an isolation forest and the proposed
relational clustering procedure exploiting this similarity.

A. Reminder about Isolation Forest

In [8], an unsupervised technique to the identification of
irregular points has been proposed, based on a principle called
isolation. This approach leverages the property that irregular
points are generally few and distant from regular points,
whereas, on the contrary, regular points are numerous and form
dense areas. The approach identifies anomalies using recursive
isolation steps. An isolation step consists in randomly selecting
an attribute and a threshold value between the minimal and
maximal values taken by the points on this attribute. Points
are then split into two subsets, depending on whether they
take greater/lower values than the threshold for this attribute;
the process is repeated on these subsets until all points have
been isolated i.e. until each point is alone, thus in a leaf node.
The output of the process is called an isolation tree. In order
to ensure a sufficient coverage of the universe using random
splits, a forest of such trees is built, called an isolation forest.
Irregular points are those that appear in the top part of the
isolation trees, as they correspond to points that can easily be
isolated from the rest of the dataset.

A refinement of the concept of isolation forest has been pro-
posed in [5] by considering affine functions (random selection
of a slope and an intercept) instead of using separations that
are parallel to the axes. This extension is used in the present
work, as it leads to a better identification of the irregularities.
Fig. 2 illustrates such an affine isolation tree for a 2D toy
dataset.

Formally, given a set D of n data points, D = {x1, . . . , xn}
from a universe U and described by p attributes A1 to Ap, an
isolation forest, denoted by F , is composed of m isolation
trees: F : {T1, . . . , Tm}, each tree being built on a randomly
selected data subset.

An anomaly score, denoted by aS(x), is computed for each
point x based on the length of the paths from the root of each
tree to x (the shorter these paths, the greater the anomaly
score):

aS(x) = 2−
E(P (x))

N (1)

where E(P (x)) ∈ (0,maxT∈F dep(T )] gives the average
length of the paths from the root to x over all the constructed
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<latexit sha1_base64="bGotNawhhqSeuGt9fvMxMs9VCqg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0laqXorePFY0X5AG8pmu2mXbjZhdyOW0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5XsSZ0rb9aRVWVtfWN4qbpa3tnd298v5BR4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Cr1u/dUKhaKOz2LqBvgsWA+I1gb6fZhWBuWK3bVzoCWiZOTCuRoDcsfg1FI4oAKTThWqu/YkXYTLDUjnM5Lg1jRCJMpHtO+oQIHVLlJduocnRhlhPxQmhIaZerPiQQHSs0Cz3QGWE/UXy8V//P6sfYv3ISJKNZUkMUiP+ZIhyj9G42YpETzmSGYSGZuRWSCJSbapFPKQrhM0fh+eZl0alWnXq3fnFWajTyOIhzBMZyCA+fQhGtoQRsIjOERnuHF4taT9Wq9LVoLVj5zCL9gvX8BImCNzA==</latexit>

x1
<latexit sha1_base64="dETXuFMkjR9RssMPnH1GPxVIg7s=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoPgKewaiXoLePEYwTwgWcLsZDYZMo9lZlYMS37BiwdFvPpD3vwbd5NF1FjQUFR1090VRJwZ67qfTmFldW19o7hZ2tre2d0r7x+0jYo1oS2iuNLdABvKmaQtyyyn3UhTLAJOO8HkOvM791QbpuSdnUbUF3gkWcgItpn0MPBKg3LFrbpzoGXi5aQCOZqD8kd/qEgsqLSEY2N6nhtZP8HaMsLprNSPDY0wmeAR7aVUYkGNn8xvnaGTVBmiUOm0pEVz9edEgoUxUxGknQLbsfnrZeJ/Xi+24aWfMBnFlkqyWBTGHFmFssfRkGlKLJ+mBBPN0lsRGWONiU3jWYRwlaH+/fIyaZ9VvVq1dnteadTzOIpwBMdwCh5cQANuoAktIDCGR3iGF0c4T86r87ZoLTj5zCH8gvP+BVX0jd8=</latexit>

x3
<latexit sha1_base64="A4UTmKosUPEky2d1X7nrCF96RSA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lsqXorePFY0X5AG8pmu2mXbjZhdyOW0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5XsSZ0rb9aRVWVtfWN4qbpa3tnd298v5BR4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Cr1u/dUKhaKOz2LqBvgsWA+I1gb6fZhWBuWK3bVzoCWiZOTCuRoDcsfg1FI4oAKTThWqu/YkXYTLDUjnM5Lg1jRCJMpHtO+oQIHVLlJduocnRhlhPxQmhIaZerPiQQHSs0Cz3QGWE/UXy8V//P6sfYv3ISJKNZUkMUiP+ZIhyj9G42YpETzmSGYSGZuRWSCJSbapFPKQrhM0fh+eZl0zqpOrVq7qVeajTyOIhzBMZyCA+fQhGtoQRsIjOERnuHF4taT9Wq9LVoLVj5zCL9gvX8BI+SNzQ==</latexit>

x4
<latexit sha1_base64="CFXZTX+zkn4R3uXPNncy5+hzK0c=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lsqXorePFY0X5AG8pmu2mXbjZhdyOW0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5XsSZ0rb9aRVWVtfWN4qbpa3tnd298v5BR4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Cr1u/dUKhaKOz2LqBvgsWA+I1gb6fZhWB+WK3bVzoCWiZOTCuRoDcsfg1FI4oAKTThWqu/YkXYTLDUjnM5Lg1jRCJMpHtO+oQIHVLlJduocnRhlhPxQmhIaZerPiQQHSs0Cz3QGWE/UXy8V//P6sfYv3ISJKNZUkMUiP+ZIhyj9G42YpETzmSGYSGZuRWSCJSbapFPKQrhM0fh+eZl0zqpOrVq7qVeajTyOIhzBMZyCA+fQhGtoQRsIjOERnuHF4taT9Wq9LVoLVj5zCL9gvX8BJWiNzg==</latexit>

x5
<latexit sha1_base64="DAYLeWW3OCu9YtLGjS04w3lVdfA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0msVr0VvHisaD+gDWWz3bRLN5uwuxFL6E/w4kERr/4ib/4bN2kQtT4YeLw3w8w8L+JMadv+tApLyyura8X10sbm1vZOeXevrcJYEtoiIQ9l18OKciZoSzPNaTeSFAcepx1vcpX6nXsqFQvFnZ5G1A3wSDCfEayNdPswOBuUK3bVzoAWiZOTCuRoDsof/WFI4oAKTThWqufYkXYTLDUjnM5K/VjRCJMJHtGeoQIHVLlJduoMHRlliPxQmhIaZerPiQQHSk0Dz3QGWI/VXy8V//N6sfYv3ISJKNZUkPkiP+ZIhyj9Gw2ZpETzqSGYSGZuRWSMJSbapFPKQrhMUf9+eZG0T6pOrVq7Oa006nkcRTiAQzgGB86hAdfQhBYQGMEjPMOLxa0n69V6m7cWrHxmH37Bev8CJuyNzw==</latexit>

{x1}
<latexit sha1_base64="QZzrg1ZB2fZWj/KqNhk8v45rfBU=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0msVL0VvHisYD+gCWWz3bRLN5uwuxFL6I/w4kERr/4eb/4bN2kQtT4YeLw3w8w8P+ZMadv+tEorq2vrG+XNytb2zu5edf+gq6JEEtohEY9k38eKciZoRzPNaT+WFIc+pz1/ep35vXsqFYvEnZ7F1AvxWLCAEayN1HPTh6HjzofVml23c6Bl4hSkBgXaw+qHO4pIElKhCcdKDRw71l6KpWaE03nFTRSNMZniMR0YKnBIlZfm587RiVFGKIikKaFRrv6cSHGo1Cz0TWeI9UT99TLxP2+Q6ODSS5mIE00FWSwKEo50hLLf0YhJSjSfGYKJZOZWRCZYYqJNQpU8hKsMze+Xl0n3rO406o3b81qrWcRRhiM4hlNw4AJacANt6ACBKTzCM7xYsfVkvVpvi9aSVcwcwi9Y719KcI+j</latexit>

anc(x4, x5)
<latexit sha1_base64="3qKAObP5N6ys9HIBmhu+n5atveI=">AAAB83icbVDLSsNAFL3xWeur6tJNsAgVpCS2vnYFNy4r2Ae0IUymk3boZBJmJtIS+htuXCji1p9x5984SYOo9cCFwzn3cu89XsSoVJb1aSwtr6yurRc2iptb2zu7pb39tgxjgUkLhywUXQ9JwignLUUVI91IEBR4jHS88U3qdx6IkDTk92oaESdAQ059ipHSUh9xXJm49dOJe37ilspW1cpgLhI7J2XI0XRLH/1BiOOAcIUZkrJnW5FyEiQUxYzMiv1YkgjhMRqSnqYcBUQ6SXbzzDzWysD0Q6GLKzNTf04kKJByGni6M0BqJP96qfif14uVf+UklEexIhzPF/kxM1VopgGYAyoIVmyqCcKC6ltNPEICYaVjKmYhXKe4+H55kbTPqnatWrurlxtWHkcBDuEIKmDDJTTgFprQAgwRPMIzvBix8WS8Gm/z1iUjnzmAXzDevwCpNZDd</latexit>

{x4}
<latexit sha1_base64="kdVpMAseV6xP2RHSSoYSXMgMsQw=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0VL0VvHisYD+gCWWz3bRLN5uwuxFL6I/w4kERr/4eb/4bN2kQtT4YeLw3w8w8P+ZMadv+tEorq2vrG+XNytb2zu5edf+gq6JEEtohEY9k38eKciZoRzPNaT+WFIc+pz1/ep35vXsqFYvEnZ7F1AvxWLCAEayN1HPTh2HDnQ+rNbtu50DLxClIDQq0h9UPdxSRJKRCE46VGjh2rL0US80Ip/OKmygaYzLFYzowVOCQKi/Nz52jE6OMUBBJU0KjXP05keJQqVnom84Q64n662Xif94g0cGllzIRJ5oKslgUJBzpCGW/oxGTlGg+MwQTycytiEywxESbhCp5CFcZmt8vL5PuWd05r5/fNmqtZhFHGY7gGE7BgQtowQ20oQMEpvAIz/BixdaT9Wq9LVpLVjFzCL9gvX8BTwKPpg==</latexit>

Fig. 2. (Top) 2D toy dataset with the considered affine separation functions
and (bottom) excerpt of the associated induced isolation tree.

isolation trees, dep(T ) is the depth of tree T , and N is
a normalization factor defined according to the size of the
dataset (see [8] for more details).

B. Data-Driven Similarity using Isolation Forest

In the spirit of the similarity matrix inferred from a random
forest introduced in [13], we propose to build, from an
isolation forest, a similarity matrix that will then be used to
cluster the data. Data clustering often relies on comparing
the data using the Euclidean distance, although it may not
respect the data characteristics or it may require to perform a
preliminary attribute normalisation, e.g. needing expert knowl-
edge about the relative attribute importance. Defining a data-
driven measure intrinsically guarantees it is more appropriate
to cluster the data. Moreover, as detailed below, the proposed
measure offers the property of being contextual, which makes
it rich and expressive.

The proposed measure leverages the knowledge captured
by an isolation forest: the latter provides a unified model
describing the data structure and embeds useful knowledge
about the separability of the data points. Indeed, as mentioned
in the previous subsection, points appearing in leaves on the
top of the isolation trees correspond to points that are easy to
isolate from others and that may be interpreted as irregularities.
On the contrary, points that are isolated after a high number of
separation steps are located in dense regions, pairs of points
that remain unseparated after several splits are both close
to each other and located in dense regions. We thus derive,
as [13], the similarity between two points, say x and x′, from
the position in the trees of their deepest ancestor node that is
denoted by anc(x, x′).

Formally, a similarity value simT (x, x
′) is first computed for

each tree T in the forest F . The overall similarity between x
and x′, denoted by simIFF (x, x′), is then computed as the
aggregation, by the average, of these values obtained over the
whole isolation forest:
Definition 1. The similarity between two points x and x′

according to an isolation tree T is computed as:

simT (x, x
′) =

{
1 if x = x′

dep(ancT (x,x′))
dep(T ) otherwise,

(2)

where dep(ancT (x, x′)) (resp. dep(T )) is the depth of the
deepest common ancestor of x and x′ (resp. the tree T ).
Definition 2. The similarity between two points x and x′

according to an isolation forest F is defined as:

simIFF (x, x′) =
1

|F|
∑
T∈F

simT (x, x
′). (3)

where |F| is the total number of trees in the forest. The
simIFF measure has the classical properties of a similarity
measure: it is normalized (simIFF (x, x′) ∈ [0, 1]), symmetri-
cal (simIFF (x, x′) = simIFF (x′, x)) and reflexive by design
(simIFF (x, x) = 1).

Its main originality is to be contextual: two pairs of points
at the same Euclidean distance, as for instance (x1, x2) and
(x3, x4) in Figure 2, get different contextual similarities. In-
deed, as the points x3 and x4 are located in a region of higher
density than x1 and x2, they are split deeper in the isolation
trees and get a higher similarity value. As a consequence, the
clustering step may assign them to the same cluster, more than
x1 and x2, which corresponds to a desired behavior. More
generally, the contextual property of the proposed similarity
measure is highly relevant in an unsupervised clustering setting
as it avoids the separation of points that form dense areas.

C. Regularities and Irregularities Structuring using AHC

1) Clustering Step: Based on the isolation forest F , the
dataset D is first divided into two subsets DI and DR gath-
ering irregular and regular points respectively. The separation
criterion depends on their anomaly score aS(x), as defined
in Eq. 1 [8]:

DI = {x ∈ D/aS(x) > γ},

and DR = D\DI . The γ parameter is a threshold whose value
is discussed in Section V.

The similarity matrix is then computed using the simIFF
measure applied on D. The datasets DI and DR are then
clustered separately by means of Agglomerative Hierarchical
Clustering (AHC), applied to the two similarity sub-matrices
induced on each type of data. This strategy is motivated by the
fact that, for the sake of interpretability, it appears preferable
to process separately a large number of regular points and a
few irregularities, since the latter would be more difficult to
identify if all the data were processed together.

To build clusters of regular and irregular points from DR

and DI respectively, the unweighted average linkage criterion



Fig. 3. (Left) Noisy dataset and clustering results, (middle) dendrogram of regular points, and (right) dendrogram on irregularities.

is used: the similarity between two groups of points is de-
fined as the average of their pairwise similarities, formally
sim(C1, C2) = avgx∈C1,y∈C2sim(x, y).

AHC outputs a hierarchy of data partitions, in the form
of a dendrogram, that must be cut to derive the final cluster
assignments. These dendrograms may be shown to the user to
let him/her determine an appropriate partition of DI and DR.
In order to help the user in this task, we propose to use
Dunn’s index to automatically suggest one of the possible data
partitions.

As a result of this clustering step, the datasets DI and DR

are decomposed into kI and kR clusters, respectively denoted
by CI = {c1I , . . . , ckI

I } and CR = {c1R, . . . , ckR

R }.
2) Illustrative Example: Figure 3 illustrates the proposed

two-step clustering process. The left part of the figure shows
an artificial 2D dataset composed of three compact and dense
clusters, that follow Gaussian distributions, and three groups
of irregularities that were manually added. In a first step,
irregular and regular points are separated based on the anomaly
scores computed from the isolation forest. Then, the similarity
matrix inferred from the isolation forest is used to build two
dendrograms, one for the regular points (Fig. 3 middle) and
one for the irregular ones (Fig. 3 right).

3) Relations between Outliers and Regular Clusters: In
many applicative contexts, it is particularly important and rel-
evant to identify links between clusters of irregular points and
clusters of regular points. Irregularities may indeed correspond
to anomalies when compared to expected or more frequent
values, as for instance defects of a sensor. To identify such
possible links, each cluster of irregularities is compared with
each cluster of regular points. A similarity degree between a
cluster cI of irregularities and a cluster cR of regularities, de-
noted by simIFF (cI , cR), is computed as an average linkage:

simIFF (cI , cR) =
1

|cI ||cR|
∑

xI∈cI
xR∈cR

simIFF (xI , xR) (4)

It is worth recalling that the symmetrical similarity matrix is
computed once and is stored in memory. The calculation of the
above similarity degree between clusters thus simply consists
in summing up some cells of a row in this matrix, with very
little additional computational cost.

For each class of irregularities, it is thus possible to identify
its closest class of regular points. Properties shared between
the irregularities and this closest class of regular points, as
well as their distinctive properties, are then identified and
linguistically expressed, as detailed in the next section.

In this first part of the proposed approach, dedicated to the
data clustering, only two hyperparameters have to be set: the
number m of trees in the isolation forest and the anomaly
threshold γ used to split the dataset into the two sets of regular
and irregular points.

IV. EXPLANATION OF THE DATA STRUCTURE

Once the regular and irregular points have been structured
into clusters, the next step of the proposed approach is to
generate linguistic explanations exhibiting their characteristic
properties, as well as the possible links between classes
of regular and irregular points. To do so, for the sake of
interpretability, numerical data properties are first translated
into linguistic values using a fuzzy vocabulary, in a linguistic
data rewriting step.

A. Linguistic Rewriting of the Data

1) Fuzzy Vocabulary: In order to describe the charac-
teristic properties of each cluster in an interpretable way,
a linguistic vocabulary is used. Formally, this vocabulary,
denoted by V = {V1, . . . , Vp}, consists of a set of lin-
guistic variables, associated with each attribute: Vj is a
triple 〈Aj , {vj1, . . . , vjqj}, {lj1, . . . , ljqj}〉 where qj denotes
the number of modalities associated with attribute Aj , the
vj’s denote their respective membership functions defined on
the domain of attribute Aj and ljs their respective linguistic
labels, generally adjectives from the natural language. For
instance, an attribute A describing prices may be associated
with qA = 3 modalities, in turn associated with the labels
lA1 = ‘affordable’, lA2 = ’reasonable’ and lA3 = ‘expensive’.

It is assumed that the linguistic variables associated with
an attribute, say Aj , define a strong fuzzy partition [10]: ∀y,∑qj

s=1 vjs(y) = 1. As a consequence, any value y can be
rewritten in terms of V and y can partially satisfy only up to
two modalities, that, in addition, are adjacent.

Defining such a vocabulary is not an easy task for an
end user, this is why an initial version of this vocabulary
is automatically derived from the data, regarding the relevant
fuzzy modalities needed for a good description of the (cluster-
based) structure of the data. Of course, the end-user in charge
of the data-to-knowledge inference process has to have a good
understanding of these fuzzy partitions, and probably to pro-
vide the associated linguistic labels. The approach introduced
in [12] is used to automatically infer an initial definition of
the fuzzy vocabulary from the data, ensuring a good adequacy
between the fuzzy partitions and the data structure. The user



may then revise some parts of the vocabulary and assign
his/her own linguistic labels to each modality.

2) Cluster Linguistic Description: For each cluster, say c, a
fuzzy set of linguistic values taken from V is computed. This
set, denoted by Lc, provides knowledge about the coverage of
the points assigned to c by each term of the vocabulary. It is
called the linguistic description of c. It is formally defined as
follows:

Lc = {v | ρv(c), v ∈ V},

The coverage of term v for cluster c, ρv(c), is computed as
the classical scalar cardinality (sigma-count) [4] of the fuzzy
set v over cluster c: it is formally defined as

ρv(c) =
1

|c|
∑
x∈c

µv(x). (5)

B. Identification of Characteristic Properties

1) Typicality Degrees Computation: In order to identify
the characteristic terms to describe each cluster, we propose
to use the framework of typicality [9], [7], and to define
characteristic properties as typical ones: a linguistic term is
relevant to describe a cluster if it is both shared by the
members of the cluster and if it does not apply to members
of other clusters. The first constraint can be interpreted, in the
typicality framework, as the notion of internal resemblance
and the second one as external dissimilarity.

To measure the extent to which a term is shared by the
members of the considered cluster, we propose to use the
coverage measure ρv(c) defined in Eq. (5). To measure the
extent to which it does not apply to members of the other
clusters, we propose to use the complementary to 1 of its
coverage of other clusters, ie ρv(c′) for c′ 6= c in the same
type of clusters, ie c′ ∈ CR if c ∈ CR and c′ ∈ CI if
c ∈ CI . It is then needed to aggregate these values over
c′: the min (resp. max) function would be too extreme to
perform this aggregation, as a term would then be considered
specific of c if it does not cover at least one (resp. none) of
the other clusters c′. A compromise looks preferable, therefore
we propose to use an OWA operator to combine the ρv(c′)’s,
requiring that v does not cover most of the other clusters.
More precisely, as detailed in Section V, higher weights are
assigned to low values of ρv(c′)’s so as to tip the scale in
favor of a conjunctive behaviour.

Finally, these two quantities must be aggregated: we propose
to apply a conjunctive aggregation operator, so as to express
the double requirement that the term is shared by the members
of the considered cluster and does not apply to the other
clusters. The typicality degree of term v for cluster c is thus
defined as

τv(c) = min(ρv(c), 1− OWAc′ 6=c(ρv(c
′))),

Considering a cluster c and its linguistic description Lc wrt.
a vocabulary V , a fuzzy set denoted by Tc is built to gather
the typical properties of c; this fuzzy set contains the linguistic
terms that best describe cluster c and is defined as:

Tc = {v | τv(c), v ∈ V}.

2) Linguistically Explaining Irregular Clusters: Each clus-
ter of irregularities cI is associated with its closest cluster
of regular points cR, as described in Section III-C3, cR =
argmaxc∈CR simIFL(cI , c). If the corresponding similarity
value is high enough, cluster cI appears to gather anomalies
of cluster cR . The next step is then to identify the properties
shared by cI and cR, as well as the ones that make cI different
from cR (i.e., the reasons why the points from cI are anomalies
wrt. to cR). The set of terms that are shared by cI and cR is
denoted by M(cI , cR). It is computed by a set intersection
operation:

M(cI , cR) = {v |µcI∩cR(v), v ∈ LcI ∩ LcR} (6)

where µcI∩cR(v) = min(ρv(cI), ρv(cR)).
The set of terms that make cI a cluster of anomalies wrt cR

is denoted by A(cI , cR). It is computed by a set difference
operation:

A(cI , cR) = {v |µcI−cR(v), v ∈ LcI} (7)

where µcI−cR(v) = min(ρv(cI), 1− ρv(cR)).
Based on the set of characteristic terms associated with

each cluster as well as the links identified between irregular
and regular points, it is then possible to provide a detailed
description of the noteworthy structural properties that may
be observed in the considered dataset.

C. Linguistic Explanations

To make the data structure comprehensible to the end user,
linguistic explanations are generated: they are illustrated in
Section V describing experimental results and here defined
formally. The first objective is to exhibit the typical terms
of each cluster. So, for each cluster c of regular or irregular
points, its set of typical terms is used to generate linguistic
statements of the form:

Typical properties of c are:
• A is v
• . . .
The properties are displayed from the most typical to the

least typical one, i.e. in descending order of their τv(c) degree.
A threshold may be used to filter out the terms that are not
representative enough. Another option is to integrate these
degree values if the user prefers more information rather than
a purely linguistic summary: the former may be considered
more legible, but less informative.

If a cluster of irregularities, say cI , is interpreted by the
proposed methodology as associated with the cluster of regular
points cR, the following linguistic explanations are added after
the description of cR:

The irregular points from cI may be anomalies of cR as:
• they share the following characteristic properties:

– A is v,
– . . .

• but they differ on:
– A’ is v’
– . . .



where the properties shared (resp. not shared) by cI and cR are
shown in decreasing order of their attached matching degree
µcI∩cR(v) (resp. difference degree µcI−cR(v)). Again, the
numerical values may be integrated in the summary or not,
depending on the user preferences.

V. EXPERIMENTAL STUDY

This section gives the results of experimentations conducted
on three sets of artificial data. They confirm the relevance of
the similarity relation captured directly from the data and the
informativity of the explanations we provide about the data
structure.

A. Experimental Protocol

1) Datasets: Figure 4 shows the three datasets used to
assess the proposed approach. Regular points are generated so
as to follow Gaussian distributions and thus to form compact
and dense clusters. Irregular points are then manually added in
such a way that they may be structured by means of clusters
and that some of these clusters are close enough to classes of
regular points to be considered as their anomalies.

In the first dataset called D1 (left side of Figure 4)
six classes are considered, three of regular points CR =
{c1, c4, c5} and three classes of irregular points CI =
{c2, c3, c6}. D2 (Fig. 4 middle) has a similar structure: three
clusters of high density can be considered as regularities CR =
{c2, c4, c6}, and three irregular clusters CI = {c1, c3, c5}.
Dataset D3 (Fig. 4 right) is, structurally speaking, more tricky
to describe. It corresponds to a classic clustering data bench-
mark. A possible cluster decomposition of D3, admittedly sub-
jective, is suggested on the figure, consisting in seven clusters,
four describing dense regions CR = {c2, c3, c5, c7} and three
that may be interpreted as irregularities CI = {c1, c4, c6}, c1
(resp. c4) being composed of points surrounding c2 (resp.
c3). Sparse points surrounding c5 with regular spacing are
considered as a group of anomalies (c6).

The cluster decomposition of three datasets as well as the
proposed partitions are obviously debatable and subjective, but
they are only used to compare a possible expected result and
the one generated by the proposed approach.

For each dataset, the approach introduced in [12] is used to
infer a fuzzy vocabulary that matches its class-based structure.
These vocabularies are also depicted in Figure 4.

2) Hyperparameters: The first parameter is the number m
of trees determining the size of the isolation forest. We follow
the recommendation from [8], that is based on a thorough
experimental study, and set m = 100. The second parameter
is the anomaly detection threshold γ, that we set as γ = 0.53,
i.e. slightly higher than the 0.5 value recommended in [8]. This
values makes it possible to identify correctly the anomalies for
all considered datasets.

Only one parameter is specific of the proposed approach, the
weights used by the OWA operator to compute the typicality
degree of each term appearing in the linguistic description of
a cluster. Now, to be representative, a term has to sufficiently
cover the concerned cluster and not so much the others. It
is considered in this work that to conclude about the non

D1 D2 D3

nb. of irregularities 15 10 96
precision 1 0.43 0.88
recall 1 1 0.78

TABLE I
ACCURACY OF THE IRREGULARITY DETECTION STEP, USING γ = 0.53.

D1 D2 D3

ARI DI 1 1 0.55
ARI DR 1 1 0.99

TABLE II
ARI OF THE BUILT PARTITIONS OF REGULAR AND IRREGULAR CLUSTERS.

representativity of a term wrt. a set of clusters, the term should
cover only a minority of them. Thus, denoting s the number of
considered clusters, we propose to set an equal weight equal
to 2

s to all the s
2 clusters having the lowest ρv(c′) degrees.

B. Results and Interpretations

1) Numerical Assessment: The first step of the approach is
to separate irregularities from regular points using the anomaly
score computed from the isolation forest. Even if the goal
of these experimentations is not to show again the efficiency
of an isolation forest-based approach to perform this task,
Table I gives the result of this dataset decomposition into two
subsets DR and DI . The row nb. of irregularities corresponds
to the number of points manually labelled as irregularities. For
dataset D1 (resp. D2), it corresponds to the manually added
irregular points forming classes c2, c3 and c6 (resp. c1, c3
and c5) in Fig. 4 left (resp. center). For D3, we consider
that the points surrounding c2, c3 and c5 are irregularities.
Even if the irregularities around c5, labelled c6, may be
considered a cluster of regular points, this cluster will then be
reconstructed as a class of irregularities. Precision and recall of
the irregularity detection step are given in Table I. They show
satisfactory results except for D2 precision, which is due to
the fact that the irregular cluster c5 is not identified as such
(see the visualisation discussed below).

Considering the labels given to the regular and irregular
points, Table II assesses the quality, measured by the Adjusted
Rand Index, ARI, of the partition produced by AHC with
cut parameter set so as to have the number of clusters that
optimises the Dunn’s index. It shows that the obtained clusters
match the expected ones, except for the irregular points in
dataset D3. This can be explained by the chosen ground-truth
to assign all points in c6 to a single cluster, as previously
discussed.

2) Visualisation: The results obtained for D1 are shown in
Figure 3 and commented in Section III-C. Regarding D2, the
results are depicted in Figure 5. The first two figures show
the two subsets DR and DI . It may be observed that some
points labelled as regularities are considered irregularities due
to their peripheral position wrt. the dense region of the clusters
of regular points, hence the perfectible precision given in
Table I. The two figures on the right part of Figure 5 give
the dendrograms of these two subsets DR and DI .

Concerning D3, Figure 6 also gives the separation between
regular (left) and irregular (center left) points obtained using
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<latexit sha1_base64="6QyPqeE8Fv2g3Xh/XJ2KWwevOUU=">AAAB8nicbVDLSsNAFJ3UV62vqks3wSK4KkkrPnYFNy4r2Ae0oUymk2boZCbM3Igl9DPcuFDErV/jzr9xkgZR64ELh3Pu5d57/JgzDY7zaZVWVtfWN8qbla3tnd296v5BV8tEEdohkkvV97GmnAnaAQac9mNFceRz2vOn15nfu6dKMynuYBZTL8ITwQJGMBhpMAT6AGnIJuF8VK05dSeHvUzcgtRQgfao+jEcS5JEVADhWOuB68TgpVgBI5zOK8NE0xiTKZ7QgaECR1R7aX7y3D4xytgOpDIlwM7VnxMpjrSeRb7pjDCE+q+Xif95gwSCSy9lIk6ACrJYFCTcBmln/9tjpigBPjMEE8XMrTYJscIETEqVPISrDOffLy+TbqPuNuvN27Naq1HEUUZH6BidIhddoBa6QW3UQQRJ9Iie0YsF1pP1ar0tWktWMXOIfsF6/wL1u5HI</latexit>

A1
<latexit sha1_base64="Ex7iKQgoTxO7/q8Gnk75TGoQ5G0=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lsqXqrePFY0X5AG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5XsSZ0rb9aRVWVtfWN4qbpa3tnd298v5BR4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Dr1uw9UKhaKez2LqBvgsWA+I1gb6e5q6AzLFbtqZ0DLxMlJBXK0huWPwSgkcUCFJhwr1XfsSLsJlpoRTuelQaxohMkUj2nfUIEDqtwkO3WOTowyQn4oTQmNMvXnRIIDpWaBZzoDrCfqr5eK/3n9WPsXbsJEFGsqyGKRH3OkQ5T+jUZMUqL5zBBMJDO3IjLBEhNt0illIVymaHy/vEw6Z1WnVq3d1ivNRh5HEY7gGE7BgXNowg20oA0ExvAIz/BicevJerXeFq0FK585hF+w3r8AzQONlA==</latexit>

ve
ry

lo
w

<latexit sha1_base64="XH/ewHjYaOFSxFe3YUcJyqayaOM=">AAAB+HicbVDLSsNAFJ34rPXRqEs3g0VwVZJWfOwKblxWsA9oQ5lMJ+3QyYOZGzWGfokbF4q49VPc+TdO0iBqPTBwOOdc7p3jRoIrsKxPY2l5ZXVtvbRR3tza3qmYu3sdFcaSsjYNRSh7LlFM8IC1gYNgvUgy4ruCdd3pZeZ3b5lUPAxuIImY45NxwD1OCWhpaFYGwO4h1ZEEi/BuNjSrVs3KgReJXZAqKtAamh+DUUhjnwVABVGqb1sROCmRwKlgs/IgViwidErGrK9pQHymnDQ/fIaPtDLCXij1CwDn6s+JlPhKJb6rkz6BifrrZeJ/Xj8G79xJeRDFwAI6X+TFAkOIsxbwiEtGQSSaECq5vhXTCZGEgu6qnJdwkeH0+8uLpFOv2Y1a4/qk2qwXdZTQATpEx8hGZ6iJrlALtRFFMXpEz+jFeDCejFfjbR5dMoqZffQLxvsXgOyTuQ==</latexit>

lo
w

<latexit sha1_base64="yo8WoUdkiH1irkb+SiDMotUHEEo=">AAAB8XicbVDLSsNAFJ3UV62vqks3g0VwVZJWfOwKblxWsA9sQ5lMJ+3QySTM3Kgl9C/cuFDErX/jzr9xkgZR64ELh3Pu5d57vEhwDbb9aRWWlldW14rrpY3Nre2d8u5eW4exoqxFQxGqrkc0E1yyFnAQrBspRgJPsI43uUz9zh1TmofyBqYRcwMyktznlICRbvvAHiAR4f1sUK7YVTsDXiROTiooR3NQ/ugPQxoHTAIVROueY0fgJkQBp4LNSv1Ys4jQCRmxnqGSBEy7SXbxDB8ZZYj9UJmSgDP150RCAq2ngWc6AwJj/ddLxf+8Xgz+uZtwGcXAJJ0v8mOBIcTp+3jIFaMgpoYQqri5FdMxUYSCCamUhXCR4vT75UXSrlWderV+fVJp1PI4iugAHaJj5KAz1EBXqIlaiCKJHtEzerG09WS9Wm/z1oKVz+yjX7DevwBWeZFw</latexit>

m
ed

iu
m

<latexit sha1_base64="zrdc24Lbtjwf1hxDZoMUgcWl3Wg=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BIvgqSSt+HErePFYwX5AG8pmM2mX7iZxd1Isob/DiwdFvPpjvPlvTNMgan0w8Hhvhpl5biS4Rsv6NAorq2vrG8XN0tb2zu5eef+grcNYMWixUISq61INggfQQo4CupECKl0BHXd8Pfc7E1Cah8EdTiNwJB0G3OeMYio5fYQHTCR4PJazQbliVa0M5jKxc1IhOZqD8kffC1ksIUAmqNY924rQSahCzgTMSv1YQ0TZmA6hl9KAStBOkh09M09SxTP9UKUVoJmpPycSKrWeSjftlBRH+q83F//zejH6l07CgyhGCNhikR8LE0NznoDpcQUMxTQllCme3mqyEVWUYZpTKQvhao7z75eXSbtWtevV+u1ZpVHL4yiSI3JMTolNLkiD3JAmaRFG7skjeSYvxsR4Ml6Nt0VrwchnDskvGO9fnp+SvQ==</latexit>

hi
gh

<latexit sha1_base64="6QyPqeE8Fv2g3Xh/XJ2KWwevOUU=">AAAB8nicbVDLSsNAFJ3UV62vqks3wSK4KkkrPnYFNy4r2Ae0oUymk2boZCbM3Igl9DPcuFDErV/jzr9xkgZR64ELh3Pu5d57/JgzDY7zaZVWVtfWN8qbla3tnd296v5BV8tEEdohkkvV97GmnAnaAQac9mNFceRz2vOn15nfu6dKMynuYBZTL8ITwQJGMBhpMAT6AGnIJuF8VK05dSeHvUzcgtRQgfao+jEcS5JEVADhWOuB68TgpVgBI5zOK8NE0xiTKZ7QgaECR1R7aX7y3D4xytgOpDIlwM7VnxMpjrSeRb7pjDCE+q+Xif95gwSCSy9lIk6ACrJYFCTcBmln/9tjpigBPjMEE8XMrTYJscIETEqVPISrDOffLy+TbqPuNuvN27Naq1HEUUZH6BidIhddoBa6QW3UQQRJ9Iie0YsF1pP1ar0tWktWMXOIfsF6/wL1u5HI</latexit>

ve
ry

hi
gh

<latexit sha1_base64="8hQkMxg5ilecLmgHxD5zeWXKerw=">AAAB+XicbVDLSsNAFJ34rPUVdelmsAiuStKKj13BjcsK9gFtKJPppBk6eTBzUwyhf+LGhSJu/RN3/o2TNIhaDwwczjmXe+e4seAKLOvTWFldW9/YrGxVt3d29/bNg8OuihJJWYdGIpJ9lygmeMg6wEGwfiwZCVzBeu70Jvd7MyYVj8J7SGPmBGQSco9TAloameYQ2ANkOpJin0/8+cisWXWrAF4mdklqqER7ZH4MxxFNAhYCFUSpgW3F4GREAqeCzavDRLGY0CmZsIGmIQmYcrLi8jk+1coYe5HULwRcqD8nMhIolQauTgYEfPXXy8X/vEEC3pWT8TBOgIV0schLBIYI5zXgMZeMgkg1IVRyfSumPpGEgi6rWpRwnePi+8vLpNuo28168+681mqUdVTQMTpBZ8hGl6iFblEbdRBFM/SIntGLkRlPxqvxtoiuGOXMEfoF4/0LIkyUEQ==</latexit>

A2
<latexit sha1_base64="9ZDzrIKSBEqjdZUl8YuapO1XSvg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0laqXqrePFY0X5AG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5XsSZ0rb9aRVWVtfWN4qbpa3tnd298v5BR4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Dr1uw9UKhaKez2LqBvgsWA+I1gb6e5qWBuWK3bVzoCWiZOTCuRoDcsfg1FI4oAKTThWqu/YkXYTLDUjnM5Lg1jRCJMpHtO+oQIHVLlJduocnRhlhPxQmhIaZerPiQQHSs0Cz3QGWE/UXy8V//P6sfYv3ISJKNZUkMUiP+ZIhyj9G42YpETzmSGYSGZuRWSCJSbapFPKQrhM0fh+eZl0alWnXq3fnlWajTyOIhzBMZyCA+fQhBtoQRsIjOERnuHF4taT9Wq9LVoLVj5zCL9gvX8BzoeNlQ==</latexit>

low<latexit sha1_base64="yo8WoUdkiH1irkb+SiDMotUHEEo=">AAAB8XicbVDLSsNAFJ3UV62vqks3g0VwVZJWfOwKblxWsA9sQ5lMJ+3QySTM3Kgl9C/cuFDErX/jzr9xkgZR64ELh3Pu5d57vEhwDbb9aRWWlldW14rrpY3Nre2d8u5eW4exoqxFQxGqrkc0E1yyFnAQrBspRgJPsI43uUz9zh1TmofyBqYRcwMyktznlICRbvvAHiAR4f1sUK7YVTsDXiROTiooR3NQ/ugPQxoHTAIVROueY0fgJkQBp4LNSv1Ys4jQCRmxnqGSBEy7SXbxDB8ZZYj9UJmSgDP150RCAq2ngWc6AwJj/ddLxf+8Xgz+uZtwGcXAJJ0v8mOBIcTp+3jIFaMgpoYQqri5FdMxUYSCCamUhXCR4vT75UXSrlWderV+fVJp1PI4iugAHaJj5KAz1EBXqIlaiCKJHtEzerG09WS9Wm/z1oKVz+yjX7DevwBWeZFw</latexit>

very
<latexit sha1_base64="kCaAXWTm1PW3tl4mtfvYICGPxCc=">AAAB8nicbVDLSsNAFJ3UV62vqks3wSK4KomKj13BjcsK9gFpKJPppB06mQkzN2II/Qw3LhRx69e482+cpEHUemDgcM65zL0niDnT4DifVmVpeWV1rbpe29jc2t6p7+51tUwUoR0iuVT9AGvKmaAdYMBpP1YURwGnvWB6nfu9e6o0k+IO0pj6ER4LFjKCwUjeAOgDZCaQzob1htN0CtiLxC1JA5VoD+sfg5EkSUQFEI619lwnBj/DChjhdFYbJJrGmEzxmHqGChxR7WfFyjP7yCgjO5TKPAF2of6cyHCkdRoFJhlhmOi/Xi7+53kJhJd+xkScABVk/lGYcBuknd9vj5iiBHhqCCaKmV1tMsEKEzAt1YoSrnKcf5+8SLonTfe0eXp71mg5ZR1VdIAO0TFy0QVqoRvURh1EkESP6Bm9WGA9Wa/W2zxascqZffQL1vsXLxuR7A==</latexit>

extrem
<latexit sha1_base64="l/RGoFo5TPdlDG7FiY7tBpGJzTI=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BIvgqSQqftwKXjxWsB/QhrLZTtqlu0ncnRRL6O/w4kERr/4Yb/4bN20QtT4YeLw3w8w8PxZco+N8WoWl5ZXVteJ6aWNza3unvLvX1FGiGDRYJCLV9qkGwUNoIEcB7VgBlb6Alj+6zvzWGJTmUXiHkxg8SQchDzijaCSvi/CAqSkFctorV5yqM4O9SNycVEiOeq/80e1HLJEQIhNU647rxOilVCFnAqalbqIhpmxEB9AxNKQStJfOjp7aR0bp20GkTIVoz9SfEymVWk+kbzolxaH+62Xif14nweDSS3kYJwghmy8KEmFjZGcJ2H2ugKGYGEKZ4uZWmw2pogxNTqVZCFcZzr9fXiTNk6p7Wj29PavUnDyOIjkgh+SYuOSC1MgNqZMGYeSePJJn8mKNrSfr1XqbtxasfGaf/IL1/gW8v5LP</latexit>high

<latexit sha1_base64="6QyPqeE8Fv2g3Xh/XJ2KWwevOUU=">AAAB8nicbVDLSsNAFJ3UV62vqks3wSK4KkkrPnYFNy4r2Ae0oUymk2boZCbM3Igl9DPcuFDErV/jzr9xkgZR64ELh3Pu5d57/JgzDY7zaZVWVtfWN8qbla3tnd296v5BV8tEEdohkkvV97GmnAnaAQac9mNFceRz2vOn15nfu6dKMynuYBZTL8ITwQJGMBhpMAT6AGnIJuF8VK05dSeHvUzcgtRQgfao+jEcS5JEVADhWOuB68TgpVgBI5zOK8NE0xiTKZ7QgaECR1R7aX7y3D4xytgOpDIlwM7VnxMpjrSeRb7pjDCE+q+Xif95gwSCSy9lIk6ACrJYFCTcBmln/9tjpigBPjMEE8XMrTYJscIETEqVPISrDOffLy+TbqPuNuvN27Naq1HEUUZH6BidIhddoBa6QW3UQQRJ9Iie0YsF1pP1ar0tWktWMXOIfsF6/wL1u5HI</latexit>

c1<latexit sha1_base64="Z8BdLfluYeINaTSRqH7X2m15Ibw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0msVL0VvHisaNpCG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5fsyZ0rb9aZVWVtfWN8qbla3tnd296v5BR0WJJNQlEY9kz8eKciaoq5nmtBdLikOf064/vc787gOVikXiXs9i6oV4LFjACNZGuiNDZ1it2XU7B1omTkFqUKA9rH4MRhFJQio04VipvmPH2kux1IxwOq8MEkVjTKZ4TPuGChxS5aX5qXN0YpQRCiJpSmiUqz8nUhwqNQt90xliPVF/vUz8z+snOrj0UibiRFNBFouChCMdoexvNGKSEs1nhmAimbkVkQmWmGiTTiUP4SpD8/vlZdI5qzuNeuP2vNZqFnGU4QiO4RQcuIAW3EAbXCAwhkd4hheLW0/Wq/W2aC1Zxcwh/IL1/gUA3o22</latexit>

c2<latexit sha1_base64="podZdOJpxNe8moUiDQGbBA+VPms=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0naUvVW8OKxov2ANpTNdtMu3WzC7kYooT/BiwdFvPqLvPlv3KRB1Ppg4PHeDDPzvIgzpW370yqsrW9sbhW3Szu7e/sH5cOjrgpjSWiHhDyUfQ8rypmgHc00p/1IUhx4nPa82XXq9x6oVCwU93oeUTfAE8F8RrA20h0Z1Ublil21M6BV4uSkAjnao/LHcBySOKBCE46VGjh2pN0ES80Ip4vSMFY0wmSGJ3RgqMABVW6SnbpAZ0YZIz+UpoRGmfpzIsGBUvPAM50B1lP110vF/7xBrP1LN2EiijUVZLnIjznSIUr/RmMmKdF8bggmkplbEZliiYk26ZSyEK5SNL9fXiXdWtWpV+u3jUqrmcdRhBM4hXNw4AJacANt6ACBCTzCM7xY3HqyXq23ZWvBymeO4Res9y8CYo23</latexit>

c3
<latexit sha1_base64="x6aD0UFkFRlkUC64II9H9y365F8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0msVL0VvHisaNpCG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5fsyZ0rb9aZVWVtfWN8qbla3tnd296v5BR0WJJNQlEY9kz8eKciaoq5nmtBdLikOf064/vc787gOVikXiXs9i6oV4LFjACNZGuiPDxrBas+t2DrRMnILUoEB7WP0YjCKShFRowrFSfceOtZdiqRnhdF4ZJIrGmEzxmPYNFTikykvzU+foxCgjFETSlNAoV39OpDhUahb6pjPEeqL+epn4n9dPdHDppUzEiaaCLBYFCUc6QtnfaMQkJZrPDMFEMnMrIhMsMdEmnUoewlWG5vfLy6RzVnca9cbtea3VLOIowxEcwyk4cAEtuIE2uEBgDI/wDC8Wt56sV+tt0VqyiplD+AXr/QsD5o24</latexit>

c4<latexit sha1_base64="hGgk5ZNyQQovNe6/qTzOogUet7g=">AAAB6nicbVBNS8NAEJ3Ur1o/WvXoZbEInkpiS9VbwYvHivYD2lA22027dLMJuxuhhP4ELx4U8eov8ua/cZMGUeuDgcd7M8zM8yLOlLbtT6uwtr6xuVXcLu3s7u2XKweHXRXGktAOCXko+x5WlDNBO5ppTvuRpDjwOO15s+vU7z1QqVgo7vU8om6AJ4L5jGBtpDsyaowqVbtmZ0CrxMlJFXK0R5WP4TgkcUCFJhwrNXDsSLsJlpoRThelYaxohMkMT+jAUIEDqtwkO3WBTo0yRn4oTQmNMvXnRIIDpeaBZzoDrKfqr5eK/3mDWPuXbsJEFGsqyHKRH3OkQ5T+jcZMUqL53BBMJDO3IjLFEhNt0illIVylaH6/vEq65zWnXqvfNqqtZh5HEY7hBM7AgQtowQ20oQMEJvAIz/BicevJerXelq0FK585gl+w3r8ABWqNuQ==</latexit>

c5
<latexit sha1_base64="XqBqWe00Ko0YaqEZ2yfS4sns/WM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lsrXorePFY0X5AG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5XsSZ0rb9aRVWVtfWN4qbpa3tnd298v5BR4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Dr1uw9UKhaKez2LqBvgsWA+I1gb6Y4Mz4flil21M6Bl4uSkAjlaw/LHYBSSOKBCE46V6jt2pN0ES80Ip/PSIFY0wmSKx7RvqMABVW6SnTpHJ0YZIT+UpoRGmfpzIsGBUrPAM50B1hP110vF/7x+rP1LN2EiijUVZLHIjznSIUr/RiMmKdF8ZggmkplbEZlgiYk26ZSyEK5SNL5fXiads6pTq9Zu65VmI4+jCEdwDKfgwAU04QZa0AYCY3iEZ3ixuPVkvVpvi9aClc8cwi9Y718G7o26</latexit>

c6
<latexit sha1_base64="BBjvt489H7ev93mV59CTRxtXSrQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0msVL0VvHisaNpCG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5fsyZ0rb9aZVWVtfWN8qbla3tnd296v5BR0WJJNQlEY9kz8eKciaoq5nmtBdLikOf064/vc787gOVikXiXs9i6oV4LFjACNZGuiPD5rBas+t2DrRMnILUoEB7WP0YjCKShFRowrFSfceOtZdiqRnhdF4ZJIrGmEzxmPYNFTikykvzU+foxCgjFETSlNAoV39OpDhUahb6pjPEeqL+epn4n9dPdHDppUzEiaaCLBYFCUc6QtnfaMQkJZrPDMFEMnMrIhMsMdEmnUoewlWG5vfLy6RzVnca9cbtea3VLOIowxEcwyk4cAEtuIE2uEBgDI/wDC8Wt56sV+tt0VqyiplD+AXr/QsIco27</latexit>

high
<latexit sha1_base64="6QyPqeE8Fv2g3Xh/XJ2KWwevOUU=">AAAB8nicbVDLSsNAFJ3UV62vqks3wSK4KkkrPnYFNy4r2Ae0oUymk2boZCbM3Igl9DPcuFDErV/jzr9xkgZR64ELh3Pu5d57/JgzDY7zaZVWVtfWN8qbla3tnd296v5BV8tEEdohkkvV97GmnAnaAQac9mNFceRz2vOn15nfu6dKMynuYBZTL8ITwQJGMBhpMAT6AGnIJuF8VK05dSeHvUzcgtRQgfao+jEcS5JEVADhWOuB68TgpVgBI5zOK8NE0xiTKZ7QgaECR1R7aX7y3D4xytgOpDIlwM7VnxMpjrSeRb7pjDCE+q+Xif95gwSCSy9lIk6ACrJYFCTcBmln/9tjpigBPjMEE8XMrTYJscIETEqVPISrDOffLy+TbqPuNuvN27Naq1HEUUZH6BidIhddoBa6QW3UQQRJ9Iie0YsF1pP1ar0tWktWMXOIfsF6/wL1u5HI</latexit>

A1
<latexit sha1_base64="Ex7iKQgoTxO7/q8Gnk75TGoQ5G0=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lsqXqrePFY0X5AG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5XsSZ0rb9aRVWVtfWN4qbpa3tnd298v5BR4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Dr1uw9UKhaKez2LqBvgsWA+I1gb6e5q6AzLFbtqZ0DLxMlJBXK0huWPwSgkcUCFJhwr1XfsSLsJlpoRTuelQaxohMkUj2nfUIEDqtwkO3WOTowyQn4oTQmNMvXnRIIDpWaBZzoDrCfqr5eK/3n9WPsXbsJEFGsqyGKRH3OkQ5T+jUZMUqL5zBBMJDO3IjLBEhNt0illIVymaHy/vEw6Z1WnVq3d1ivNRh5HEY7gGE7BgXNowg20oA0ExvAIz/BicevJerXeFq0FK585hF+w3r8AzQONlA==</latexit>

low<latexit sha1_base64="yo8WoUdkiH1irkb+SiDMotUHEEo=">AAAB8XicbVDLSsNAFJ3UV62vqks3g0VwVZJWfOwKblxWsA9sQ5lMJ+3QySTM3Kgl9C/cuFDErX/jzr9xkgZR64ELh3Pu5d57vEhwDbb9aRWWlldW14rrpY3Nre2d8u5eW4exoqxFQxGqrkc0E1yyFnAQrBspRgJPsI43uUz9zh1TmofyBqYRcwMyktznlICRbvvAHiAR4f1sUK7YVTsDXiROTiooR3NQ/ugPQxoHTAIVROueY0fgJkQBp4LNSv1Ys4jQCRmxnqGSBEy7SXbxDB8ZZYj9UJmSgDP150RCAq2ngWc6AwJj/ddLxf+8Xgz+uZtwGcXAJJ0v8mOBIcTp+3jIFaMgpoYQqri5FdMxUYSCCamUhXCR4vT75UXSrlWderV+fVJp1PI4iugAHaJj5KAz1EBXqIlaiCKJHtEzerG09WS9Wm/z1oKVz+yjX7DevwBWeZFw</latexit> high
<latexit sha1_base64="6QyPqeE8Fv2g3Xh/XJ2KWwevOUU=">AAAB8nicbVDLSsNAFJ3UV62vqks3wSK4KkkrPnYFNy4r2Ae0oUymk2boZCbM3Igl9DPcuFDErV/jzr9xkgZR64ELh3Pu5d57/JgzDY7zaZVWVtfWN8qbla3tnd296v5BV8tEEdohkkvV97GmnAnaAQac9mNFceRz2vOn15nfu6dKMynuYBZTL8ITwQJGMBhpMAT6AGnIJuF8VK05dSeHvUzcgtRQgfao+jEcS5JEVADhWOuB68TgpVgBI5zOK8NE0xiTKZ7QgaECR1R7aX7y3D4xytgOpDIlwM7VnxMpjrSeRb7pjDCE+q+Xif95gwSCSy9lIk6ACrJYFCTcBmln/9tjpigBPjMEE8XMrTYJscIETEqVPISrDOffLy+TbqPuNuvN27Naq1HEUUZH6BidIhddoBa6QW3UQQRJ9Iie0YsF1pP1ar0tWktWMXOIfsF6/wL1u5HI</latexit>

hi
gh

<latexit sha1_base64="6QyPqeE8Fv2g3Xh/XJ2KWwevOUU=">AAAB8nicbVDLSsNAFJ3UV62vqks3wSK4KkkrPnYFNy4r2Ae0oUymk2boZCbM3Igl9DPcuFDErV/jzr9xkgZR64ELh3Pu5d57/JgzDY7zaZVWVtfWN8qbla3tnd296v5BV8tEEdohkkvV97GmnAnaAQac9mNFceRz2vOn15nfu6dKMynuYBZTL8ITwQJGMBhpMAT6AGnIJuF8VK05dSeHvUzcgtRQgfao+jEcS5JEVADhWOuB68TgpVgBI5zOK8NE0xiTKZ7QgaECR1R7aX7y3D4xytgOpDIlwM7VnxMpjrSeRb7pjDCE+q+Xif95gwSCSy9lIk6ACrJYFCTcBmln/9tjpigBPjMEE8XMrTYJscIETEqVPISrDOffLy+TbqPuNuvN27Naq1HEUUZH6BidIhddoBa6QW3UQQRJ9Iie0YsF1pP1ar0tWktWMXOIfsF6/wL1u5HI</latexit>

ve
ry

hi
gh

<latexit sha1_base64="8hQkMxg5ilecLmgHxD5zeWXKerw=">AAAB+XicbVDLSsNAFJ34rPUVdelmsAiuStKKj13BjcsK9gFtKJPppBk6eTBzUwyhf+LGhSJu/RN3/o2TNIhaDwwczjmXe+e4seAKLOvTWFldW9/YrGxVt3d29/bNg8OuihJJWYdGIpJ9lygmeMg6wEGwfiwZCVzBeu70Jvd7MyYVj8J7SGPmBGQSco9TAloameYQ2ANkOpJin0/8+cisWXWrAF4mdklqqER7ZH4MxxFNAhYCFUSpgW3F4GREAqeCzavDRLGY0CmZsIGmIQmYcrLi8jk+1coYe5HULwRcqD8nMhIolQauTgYEfPXXy8X/vEEC3pWT8TBOgIV0schLBIYI5zXgMZeMgkg1IVRyfSumPpGEgi6rWpRwnePi+8vLpNuo28168+681mqUdVTQMTpBZ8hGl6iFblEbdRBFM/SIntGLkRlPxqvxtoiuGOXMEfoF4/0LIkyUEQ==</latexit>

A2
<latexit sha1_base64="9ZDzrIKSBEqjdZUl8YuapO1XSvg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0laqXqrePFY0X5AG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5XsSZ0rb9aRVWVtfWN4qbpa3tnd298v5BR4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Dr1uw9UKhaKez2LqBvgsWA+I1gb6e5qWBuWK3bVzoCWiZOTCuRoDcsfg1FI4oAKTThWqu/YkXYTLDUjnM5Lg1jRCJMpHtO+oQIHVLlJduocnRhlhPxQmhIaZerPiQQHSs0Cz3QGWE/UXy8V//P6sfYv3ISJKNZUkMUiP+ZIhyj9G42YpETzmSGYSGZuRWSCJSbapFPKQrhM0fh+eZl0alWnXq3fnlWajTyOIhzBMZyCA+fQhBtoQRsIjOERnuHF4taT9Wq9LVoLVj5zCL9gvX8BzoeNlQ==</latexit> medium<latexit sha1_base64="zrdc24Lbtjwf1hxDZoMUgcWl3Wg=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BIvgqSSt+HErePFYwX5AG8pmM2mX7iZxd1Isob/DiwdFvPpjvPlvTNMgan0w8Hhvhpl5biS4Rsv6NAorq2vrG8XN0tb2zu5eef+grcNYMWixUISq61INggfQQo4CupECKl0BHXd8Pfc7E1Cah8EdTiNwJB0G3OeMYio5fYQHTCR4PJazQbliVa0M5jKxc1IhOZqD8kffC1ksIUAmqNY924rQSahCzgTMSv1YQ0TZmA6hl9KAStBOkh09M09SxTP9UKUVoJmpPycSKrWeSjftlBRH+q83F//zejH6l07CgyhGCNhikR8LE0NznoDpcQUMxTQllCme3mqyEVWUYZpTKQvhao7z75eXSbtWtevV+u1ZpVHL4yiSI3JMTolNLkiD3JAmaRFG7skjeSYvxsR4Ml6Nt0VrwchnDskvGO9fnp+SvQ==</latexit>

very
<latexit sha1_base64="kCaAXWTm1PW3tl4mtfvYICGPxCc=">AAAB8nicbVDLSsNAFJ3UV62vqks3wSK4KomKj13BjcsK9gFpKJPppB06mQkzN2II/Qw3LhRx69e482+cpEHUemDgcM65zL0niDnT4DifVmVpeWV1rbpe29jc2t6p7+51tUwUoR0iuVT9AGvKmaAdYMBpP1YURwGnvWB6nfu9e6o0k+IO0pj6ER4LFjKCwUjeAOgDZCaQzob1htN0CtiLxC1JA5VoD+sfg5EkSUQFEI619lwnBj/DChjhdFYbJJrGmEzxmHqGChxR7WfFyjP7yCgjO5TKPAF2of6cyHCkdRoFJhlhmOi/Xi7+53kJhJd+xkScABVk/lGYcBuknd9vj5iiBHhqCCaKmV1tMsEKEzAt1YoSrnKcf5+8SLonTfe0eXp71mg5ZR1VdIAO0TFy0QVqoRvURh1EkESP6Bm9WGA9Wa/W2zxascqZffQL1vsXLxuR7A==</latexit>

lo
w

<latexit sha1_base64="yo8WoUdkiH1irkb+SiDMotUHEEo=">AAAB8XicbVDLSsNAFJ3UV62vqks3g0VwVZJWfOwKblxWsA9sQ5lMJ+3QySTM3Kgl9C/cuFDErX/jzr9xkgZR64ELh3Pu5d57vEhwDbb9aRWWlldW14rrpY3Nre2d8u5eW4exoqxFQxGqrkc0E1yyFnAQrBspRgJPsI43uUz9zh1TmofyBqYRcwMyktznlICRbvvAHiAR4f1sUK7YVTsDXiROTiooR3NQ/ugPQxoHTAIVROueY0fgJkQBp4LNSv1Ys4jQCRmxnqGSBEy7SXbxDB8ZZYj9UJmSgDP150RCAq2ngWc6AwJj/ddLxf+8Xgz+uZtwGcXAJJ0v8mOBIcTp+3jIFaMgpoYQqri5FdMxUYSCCamUhXCR4vT75UXSrlWderV+fVJp1PI4iugAHaJj5KAz1EBXqIlaiCKJHtEzerG09WS9Wm/z1oKVz+yjX7DevwBWeZFw</latexit>

c1<latexit sha1_base64="Z8BdLfluYeINaTSRqH7X2m15Ibw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0msVL0VvHisaNpCG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5fsyZ0rb9aZVWVtfWN8qbla3tnd296v5BR0WJJNQlEY9kz8eKciaoq5nmtBdLikOf064/vc787gOVikXiXs9i6oV4LFjACNZGuiNDZ1it2XU7B1omTkFqUKA9rH4MRhFJQio04VipvmPH2kux1IxwOq8MEkVjTKZ4TPuGChxS5aX5qXN0YpQRCiJpSmiUqz8nUhwqNQt90xliPVF/vUz8z+snOrj0UibiRFNBFouChCMdoexvNGKSEs1nhmAimbkVkQmWmGiTTiUP4SpD8/vlZdI5qzuNeuP2vNZqFnGU4QiO4RQcuIAW3EAbXCAwhkd4hheLW0/Wq/W2aC1Zxcwh/IL1/gUA3o22</latexit>

c2<latexit sha1_base64="podZdOJpxNe8moUiDQGbBA+VPms=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0naUvVW8OKxov2ANpTNdtMu3WzC7kYooT/BiwdFvPqLvPlv3KRB1Ppg4PHeDDPzvIgzpW370yqsrW9sbhW3Szu7e/sH5cOjrgpjSWiHhDyUfQ8rypmgHc00p/1IUhx4nPa82XXq9x6oVCwU93oeUTfAE8F8RrA20h0Z1Ublil21M6BV4uSkAjnao/LHcBySOKBCE46VGjh2pN0ES80Ip4vSMFY0wmSGJ3RgqMABVW6SnbpAZ0YZIz+UpoRGmfpzIsGBUvPAM50B1lP110vF/7xBrP1LN2EiijUVZLnIjznSIUr/RmMmKdF8bggmkplbEZliiYk26ZSyEK5SNL9fXiXdWtWpV+u3jUqrmcdRhBM4hXNw4AJacANt6ACBCTzCM7xY3HqyXq23ZWvBymeO4Res9y8CYo23</latexit>

c4<latexit sha1_base64="hGgk5ZNyQQovNe6/qTzOogUet7g=">AAAB6nicbVBNS8NAEJ3Ur1o/WvXoZbEInkpiS9VbwYvHivYD2lA22027dLMJuxuhhP4ELx4U8eov8ua/cZMGUeuDgcd7M8zM8yLOlLbtT6uwtr6xuVXcLu3s7u2XKweHXRXGktAOCXko+x5WlDNBO5ppTvuRpDjwOO15s+vU7z1QqVgo7vU8om6AJ4L5jGBtpDsyaowqVbtmZ0CrxMlJFXK0R5WP4TgkcUCFJhwrNXDsSLsJlpoRThelYaxohMkMT+jAUIEDqtwkO3WBTo0yRn4oTQmNMvXnRIIDpeaBZzoDrKfqr5eK/3mDWPuXbsJEFGsqyHKRH3OkQ5T+jcZMUqL53BBMJDO3IjLFEhNt0illIVylaH6/vEq65zWnXqvfNqqtZh5HEY7hBM7AgQtowQ20oQMEJvAIz/BicevJerXelq0FK585gl+w3r8ABWqNuQ==</latexit>

c5
<latexit sha1_base64="XqBqWe00Ko0YaqEZ2yfS4sns/WM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lsrXorePFY0X5AG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5XsSZ0rb9aRVWVtfWN4qbpa3tnd298v5BR4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Dr1uw9UKhaKez2LqBvgsWA+I1gb6Y4Mz4flil21M6Bl4uSkAjlaw/LHYBSSOKBCE46V6jt2pN0ES80Ip/PSIFY0wmSKx7RvqMABVW6SnTpHJ0YZIT+UpoRGmfpzIsGBUrPAM50B1hP110vF/7x+rP1LN2EiijUVZLHIjznSIUr/RiMmKdF8ZggmkplbEZlgiYk26ZSyEK5SNL5fXiads6pTq9Zu65VmI4+jCEdwDKfgwAU04QZa0AYCY3iEZ3ixuPVkvVpvi9aClc8cwi9Y718G7o26</latexit>

c6
<latexit sha1_base64="BBjvt489H7ev93mV59CTRxtXSrQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0msVL0VvHisaNpCG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5fsyZ0rb9aZVWVtfWN8qbla3tnd296v5BR0WJJNQlEY9kz8eKciaoq5nmtBdLikOf064/vc787gOVikXiXs9i6oV4LFjACNZGuiPD5rBas+t2DrRMnILUoEB7WP0YjCKShFRowrFSfceOtZdiqRnhdF4ZJIrGmEzxmPYNFTikykvzU+foxCgjFETSlNAoV39OpDhUahb6pjPEeqL+epn4n9dPdHDppUzEiaaCLBYFCUc6QtnfaMQkJZrPDMFEMnMrIhMsMdEmnUoewlWG5vfLy6RzVnca9cbtea3VLOIowxEcwyk4cAEtuIE2uEBgDI/wDC8Wt56sV+tt0VqyiplD+AXr/QsIco27</latexit>

c3
<latexit sha1_base64="x6aD0UFkFRlkUC64II9H9y365F8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0msVL0VvHisaNpCG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5fsyZ0rb9aZVWVtfWN8qbla3tnd296v5BR0WJJNQlEY9kz8eKciaoq5nmtBdLikOf064/vc787gOVikXiXs9i6oV4LFjACNZGuiPDxrBas+t2DrRMnILUoEB7WP0YjCKShFRowrFSfceOtZdiqRnhdF4ZJIrGmEzxmPYNFTikykvzU+foxCgjFETSlNAoV39OpDhUahb6pjPEeqL+epn4n9dPdHDppUzEiaaCLBYFCUc6QtnfaMQkJZrPDMFEMnMrIhMsMdEmnUoewlWG5vfLy6RzVnca9cbtea3VLOIowxEcwyk4cAEtuIE2uEBgDI/wDC8Wt56sV+tt0VqyiplD+AXr/QsD5o24</latexit>

c1<latexit sha1_base64="Z8BdLfluYeINaTSRqH7X2m15Ibw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0msVL0VvHisaNpCG8pmu2mXbjZhdyOU0J/gxYMiXv1F3vw3btIgan0w8Hhvhpl5fsyZ0rb9aZVWVtfWN8qbla3tnd296v5BR0WJJNQlEY9kz8eKciaoq5nmtBdLikOf064/vc787gOVikXiXs9i6oV4LFjACNZGuiNDZ1it2XU7B1omTkFqUKA9rH4MRhFJQio04VipvmPH2kux1IxwOq8MEkVjTKZ4TPuGChxS5aX5qXN0YpQRCiJpSmiUqz8nUhwqNQt90xliPVF/vUz8z+snOrj0UibiRFNBFouChCMdoexvNGKSEs1nhmAimbkVkQmWmGiTTiUP4SpD8/vlZdI5qzuNeuP2vNZqFnGU4QiO4RQcuIAW3EAbXCAwhkd4hheLW0/Wq/W2aC1Zxcwh/IL1/gUA3o22</latexit>

c2<latexit sha1_base64="podZdOJpxNe8moUiDQGbBA+VPms=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0naUvVW8OKxov2ANpTNdtMu3WzC7kYooT/BiwdFvPqLvPlv3KRB1Ppg4PHeDDPzvIgzpW370yqsrW9sbhW3Szu7e/sH5cOjrgpjSWiHhDyUfQ8rypmgHc00p/1IUhx4nPa82XXq9x6oVCwU93oeUTfAE8F8RrA20h0Z1Ublil21M6BV4uSkAjnao/LHcBySOKBCE46VGjh2pN0ES80Ip4vSMFY0wmSGJ3RgqMABVW6SnbpAZ0YZIz+UpoRGmfpzIsGBUvPAM50B1lP110vF/7xBrP1LN2EiijUVZLnIjznSIUr/RmMmKdF8bggmkplbEZliiYk26ZSyEK5SNL9fXiXdWtWpV+u3jUqrmcdRhBM4hXNw4AJacANt6ACBCTzCM7xY3HqyXq23ZWvBymeO4Res9y8CYo23</latexit>

c4<latexit sha1_base64="hGgk5ZNyQQovNe6/qTzOogUet7g=">AAAB6nicbVBNS8NAEJ3Ur1o/WvXoZbEInkpiS9VbwYvHivYD2lA22027dLMJuxuhhP4ELx4U8eov8ua/cZMGUeuDgcd7M8zM8yLOlLbtT6uwtr6xuVXcLu3s7u2XKweHXRXGktAOCXko+x5WlDNBO5ppTvuRpDjwOO15s+vU7z1QqVgo7vU8om6AJ4L5jGBtpDsyaowqVbtmZ0CrxMlJFXK0R5WP4TgkcUCFJhwrNXDsSLsJlpoRThelYaxohMkMT+jAUIEDqtwkO3WBTo0yRn4oTQmNMvXnRIIDpeaBZzoDrKfqr5eK/3mDWPuXbsJEFGsqyHKRH3OkQ5T+jcZMUqL53BBMJDO3IjLFEhNt0illIVylaH6/vEq65zWnXqvfNqqtZh5HEY7hBM7AgQtowQ20oQMEJvAIz/BicevJerXelq0FK585gl+w3r8ABWqNuQ==</latexit>

c7
<latexit sha1_base64="Ho+0xuX5FXegnnL13HmnXSR6Nww=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lsafVW8OKxov2ANpTNdtMu3WzC7kYooT/BiwdFvPqLvPlv3KRB1Ppg4PHeDDPzvIgzpW370yqsrW9sbhW3Szu7e/sH5cOjrgpjSWiHhDyUfQ8rypmgHc00p/1IUhx4nPa82XXq9x6oVCwU93oeUTfAE8F8RrA20h0ZNUflil21M6BV4uSkAjnao/LHcBySOKBCE46VGjh2pN0ES80Ip4vSMFY0wmSGJ3RgqMABVW6SnbpAZ0YZIz+UpoRGmfpzIsGBUvPAM50B1lP110vF/7xBrP1LN2EiijUVZLnIjznSIUr/RmMmKdF8bggmkplbEZliiYk26ZSyEK5SNL5fXiXdi6pTq9Zu65VWI4+jCCdwCufgQBNacANt6ACBCTzCM7xY3HqyXq23ZWvBymeO4Res9y8J9o28</latexit>

Fig. 4. Artificial datasets and their automatically generated fuzzy vocabularies: D1 (left), D2 (center) and D3 (right).
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c01
<latexit sha1_base64="27KINH0Mj5AUa+dc3JaadT5vPqA=">AAAB63icbVBNS8NAEJ3Ur1q/oh69LBbRU0msVL0VvHisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3JmkQtT4YeLw3w8w8P+JMG8f5tEorq2vrG+XNytb2zu6evX/Q0WGsCG2TkIeq52NNOZO0bZjhtBcpioXPadef3mR+94EqzUJ5b2YR9QQeSxYwgk0mkdOhO7SrTs3JgZaJW5AqFGgN7Y/BKCSxoNIQjrXuu05kvAQrwwin88og1jTCZIrHtJ9SiQXVXpLfOkcnqTJCQajSkgbl6s+JBAutZ8JPOwU2E/3Xy8T/vH5sgisvYTKKDZVksSiIOTIhyh5HI6YoMXyWEkwUS29FZIIVJiaNp5KHcJ2h8f3yMumc19x6rX53UW02ijjKcATHcAYuXEITbqEFbSAwgUd4hhdLWE/Wq/W2aC1Zxcwh/IL1/gVhk43n</latexit>

c05
<latexit sha1_base64="hgXYsh0AA65uEUVBelyEltoqyG0=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsrXorePFYwX5AG8pmu2mX7m7C7kYooX/BiwdFvPqHvPlvTNIgan0w8Hhvhpl5XsiZNrb9aRVWVtfWN4qbpa3tnd298v5BRweRIrRNAh6onoc15UzStmGG016oKBYep11vepP63QeqNAvkvZmF1BV4LJnPCDapRE6HF8Nyxa7aGdAycXJSgRytYfljMApIJKg0hGOt+44dGjfGyjDC6bw0iDQNMZniMe0nVGJBtRtnt87RSaKMkB+opKRBmfpzIsZC65nwkk6BzUT/9VLxP68fGf/KjZkMI0MlWSzyI45MgNLH0YgpSgyfJQQTxZJbEZlghYlJ4illIVynaHy/vEw651WnVq3d1SvNRh5HEY7gGM7AgUtowi20oA0EJvAIz/BiCevJerXeFq0FK585hF+w3r8AZ6ON6w==</latexit>

c07
<latexit sha1_base64="X2oCOVRDa9NdRYesag+1ejNpMbw=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsafVW8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfmKRB1Ppg4PHeDDPzvJAzbWz70yqsrW9sbhW3Szu7e/sH5cOjrg4iRWiHBDxQfQ9rypmkHcMMp/1QUSw8Tnve7Cb1ew9UaRbIezMPqSvwRDKfEWxSiZyPmqNyxa7aGdAqcXJSgRztUfljOA5IJKg0hGOtB44dGjfGyjDC6aI0jDQNMZnhCR0kVGJBtRtnty7QWaKMkR+opKRBmfpzIsZC67nwkk6BzVT/9VLxP28QGf/KjZkMI0MlWS7yI45MgNLH0ZgpSgyfJwQTxZJbEZlihYlJ4illIVynaHy/vEq6l1WnVq3d1SutRh5HEU7gFC7AgSa04Bba0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y719qq43t</latexit>

c02
<latexit sha1_base64="f7v55DAGksM3cSe3HUaJlOwiI/c=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0naUvVW8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfmKRB1Ppg4PHeDDPzvJAzbWz70yqsrW9sbhW3Szu7e/sH5cOjrg4iRWiHBDxQfQ9rypmkHcMMp/1QUSw8Tnve7Cb1ew9UaRbIezMPqSvwRDKfEWxSiZyPaqNyxa7aGdAqcXJSgRztUfljOA5IJKg0hGOtB44dGjfGyjDC6aI0jDQNMZnhCR0kVGJBtRtnty7QWaKMkR+opKRBmfpzIsZC67nwkk6BzVT/9VLxP28QGf/KjZkMI0MlWS7yI45MgNLH0ZgpSgyfJwQTxZJbEZlihYlJ4illIVynaH6/vEq6tapTr9bvGpVWM4+jCCdwChfgwCW04Bba0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y719jF43o</latexit>

c04
<latexit sha1_base64="vUSBst80xWtu9Zan5qHmB/j3flo=">AAAB63icbVBNS8NAEJ3Ur1o/WvXoZbGInkpiS9VbwYvHCvYD2lA22027dHcTdjdCCf0LXjwo4tU/5M1/Y5IGUeuDgcd7M8zM80LOtLHtT6uwtr6xuVXcLu3s7u2XKweHXR1EitAOCXig+h7WlDNJO4YZTvuholh4nPa82U3q9x6o0iyQ92YeUlfgiWQ+I9ikEjkbNUaVql2zM6BV4uSkCjnao8rHcByQSFBpCMdaDxw7NG6MlWGE00VpGGkaYjLDEzpIqMSCajfObl2g00QZIz9QSUmDMvXnRIyF1nPhJZ0Cm6n+66Xif94gMv6VGzMZRoZKslzkRxyZAKWPozFTlBg+TwgmiiW3IjLFChOTxFPKQrhO0fx+eZV0L2pOvVa/a1RbzTyOIhzDCZyDA5fQgltoQwcITOERnuHFEtaT9Wq9LVsLVj5zBL9gvX8BZh+N6g==</latexit>

c06
<latexit sha1_base64="N7867/0H9k/gHB2TGuUosEaG+n0=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0msRL0VvHisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3JmkQtT4YeLw3w8w8P+JMG9v+tEorq2vrG+XNytb2zu5edf+go8NYEdomIQ9Vz8eaciZp2zDDaS9SFAuf064/vcn87gNVmoXy3swi6gk8lixgBJtMIqdDd1it2XU7B1omTkFqUKA1rH4MRiGJBZWGcKx137Ej4yVYGUY4nVcGsaYRJlM8pv2USiyo9pL81jk6SZURCkKVljQoV39OJFhoPRN+2imwmei/Xib+5/VjE1x5CZNRbKgki0VBzJEJUfY4GjFFieGzlGCiWHorIhOsMDFpPJU8hOsM7vfLy6RzXnca9cbdRa3pFnGU4QiO4QwcuIQm3EIL2kBgAo/wDC+WsJ6sV+tt0VqyiplD+AXr/QtpJ43s</latexit>

c01
<latexit sha1_base64="27KINH0Mj5AUa+dc3JaadT5vPqA=">AAAB63icbVBNS8NAEJ3Ur1q/oh69LBbRU0msVL0VvHisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3JmkQtT4YeLw3w8w8P+JMG8f5tEorq2vrG+XNytb2zu6evX/Q0WGsCG2TkIeq52NNOZO0bZjhtBcpioXPadef3mR+94EqzUJ5b2YR9QQeSxYwgk0mkdOhO7SrTs3JgZaJW5AqFGgN7Y/BKCSxoNIQjrXuu05kvAQrwwin88og1jTCZIrHtJ9SiQXVXpLfOkcnqTJCQajSkgbl6s+JBAutZ8JPOwU2E/3Xy8T/vH5sgisvYTKKDZVksSiIOTIhyh5HI6YoMXyWEkwUS29FZIIVJiaNp5KHcJ2h8f3yMumc19x6rX53UW02ijjKcATHcAYuXEITbqEFbSAwgUd4hhdLWE/Wq/W2aC1Zxcwh/IL1/gVhk43n</latexit>

c05
<latexit sha1_base64="hgXYsh0AA65uEUVBelyEltoqyG0=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsrXorePFYwX5AG8pmu2mX7m7C7kYooX/BiwdFvPqHvPlvTNIgan0w8Hhvhpl5XsiZNrb9aRVWVtfWN4qbpa3tnd298v5BRweRIrRNAh6onoc15UzStmGG016oKBYep11vepP63QeqNAvkvZmF1BV4LJnPCDapRE6HF8Nyxa7aGdAycXJSgRytYfljMApIJKg0hGOt+44dGjfGyjDC6bw0iDQNMZniMe0nVGJBtRtnt87RSaKMkB+opKRBmfpzIsZC65nwkk6BzUT/9VLxP68fGf/KjZkMI0MlWSzyI45MgNLH0YgpSgyfJQQTxZJbEZlghYlJ4illIVynaHy/vEw651WnVq3d1SvNRh5HEY7gGM7AgUtowi20oA0EJvAIz/BiCevJerXeFq0FK585hF+w3r8AZ6ON6w==</latexit>

c07
<latexit sha1_base64="X2oCOVRDa9NdRYesag+1ejNpMbw=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsafVW8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfmKRB1Ppg4PHeDDPzvJAzbWz70yqsrW9sbhW3Szu7e/sH5cOjrg4iRWiHBDxQfQ9rypmkHcMMp/1QUSw8Tnve7Cb1ew9UaRbIezMPqSvwRDKfEWxSiZyPmqNyxa7aGdAqcXJSgRztUfljOA5IJKg0hGOtB44dGjfGyjDC6aI0jDQNMZnhCR0kVGJBtRtnty7QWaKMkR+opKRBmfpzIsZC67nwkk6BzVT/9VLxP28QGf/KjZkMI0MlWS7yI45MgNLH0ZgpSgyfJwQTxZJbEZlihYlJ4illIVynaHy/vEq6l1WnVq3d1SutRh5HEU7gFC7AgSa04Bba0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y719qq43t</latexit>

Fig. 5. Decomposition of D2 in DR (left) and DI (center left), and their associated dendrograms (center right for DR and right for DI ).

c07
<latexit sha1_base64="X2oCOVRDa9NdRYesag+1ejNpMbw=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsafVW8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfmKRB1Ppg4PHeDDPzvJAzbWz70yqsrW9sbhW3Szu7e/sH5cOjrg4iRWiHBDxQfQ9rypmkHcMMp/1QUSw8Tnve7Cb1ew9UaRbIezMPqSvwRDKfEWxSiZyPmqNyxa7aGdAqcXJSgRztUfljOA5IJKg0hGOtB44dGjfGyjDC6aI0jDQNMZnhCR0kVGJBtRtnty7QWaKMkR+opKRBmfpzIsZC67nwkk6BzVT/9VLxP28QGf/KjZkMI0MlWS7yI45MgNLH0ZgpSgyfJwQTxZJbEZlihYlJ4illIVynaHy/vEq6l1WnVq3d1SutRh5HEU7gFC7AgSa04Bba0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y719qq43t</latexit>

c05
<latexit sha1_base64="hgXYsh0AA65uEUVBelyEltoqyG0=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsrXorePFYwX5AG8pmu2mX7m7C7kYooX/BiwdFvPqHvPlvTNIgan0w8Hhvhpl5XsiZNrb9aRVWVtfWN4qbpa3tnd298v5BRweRIrRNAh6onoc15UzStmGG016oKBYep11vepP63QeqNAvkvZmF1BV4LJnPCDapRE6HF8Nyxa7aGdAycXJSgRytYfljMApIJKg0hGOt+44dGjfGyjDC6bw0iDQNMZniMe0nVGJBtRtnt87RSaKMkB+opKRBmfpzIsZC65nwkk6BzUT/9VLxP68fGf/KjZkMI0MlWSzyI45MgNLH0YgpSgyfJQQTxZJbEZlghYlJ4illIVynaHy/vEw651WnVq3d1SvNRh5HEY7gGM7AgUtowi20oA0EJvAIz/BiCevJerXeFq0FK585hF+w3r8AZ6ON6w==</latexit>

c02
<latexit sha1_base64="f7v55DAGksM3cSe3HUaJlOwiI/c=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0naUvVW8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfmKRB1Ppg4PHeDDPzvJAzbWz70yqsrW9sbhW3Szu7e/sH5cOjrg4iRWiHBDxQfQ9rypmkHcMMp/1QUSw8Tnve7Cb1ew9UaRbIezMPqSvwRDKfEWxSiZyPaqNyxa7aGdAqcXJSgRztUfljOA5IJKg0hGOtB44dGjfGyjDC6aI0jDQNMZnhCR0kVGJBtRtnty7QWaKMkR+opKRBmfpzIsZC67nwkk6BzVT/9VLxP28QGf/KjZkMI0MlWS7yI45MgNLH0ZgpSgyfJwQTxZJbEZlihYlJ4illIVynaH6/vEq6tapTr9bvGpVWM4+jCCdwChfgwCW04Bba0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y719jF43o</latexit>

c03
<latexit sha1_base64="wpT01SrI/Cea6Yv9oJX7DJujLYQ=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0mMVL0VvHisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3JmkQtT4YeLw3w8w8P+JMG9v+tEorq2vrG+XNytb2zu5edf+go8NYEdomIQ9Vz8eaciZp2zDDaS9SFAuf064/vcn87gNVmoXy3swi6gk8lixgBJtMIqdDd1it2XU7B1omTkFqUKA1rH4MRiGJBZWGcKx137Ej4yVYGUY4nVcGsaYRJlM8pv2USiyo9pL81jk6SZURCkKVljQoV39OJFhoPRN+2imwmei/Xib+5/VjE1x5CZNRbKgki0VBzJEJUfY4GjFFieGzlGCiWHorIhOsMDFpPJU8hOsMje+Xl0nnvO64dffuotZsFHGU4QiO4QwcuIQm3EIL2kBgAo/wDC+WsJ6sV+tt0VqyiplD+AXr/Qtkm43p</latexit>

c04
<latexit sha1_base64="vUSBst80xWtu9Zan5qHmB/j3flo=">AAAB63icbVBNS8NAEJ3Ur1o/WvXoZbGInkpiS9VbwYvHCvYD2lA22027dHcTdjdCCf0LXjwo4tU/5M1/Y5IGUeuDgcd7M8zM80LOtLHtT6uwtr6xuVXcLu3s7u2XKweHXR1EitAOCXig+h7WlDNJO4YZTvuholh4nPa82U3q9x6o0iyQ92YeUlfgiWQ+I9ikEjkbNUaVql2zM6BV4uSkCjnao8rHcByQSFBpCMdaDxw7NG6MlWGE00VpGGkaYjLDEzpIqMSCajfObl2g00QZIz9QSUmDMvXnRIyF1nPhJZ0Cm6n+66Xif94gMv6VGzMZRoZKslzkRxyZAKWPozFTlBg+TwgmiiW3IjLFChOTxFPKQrhO0fx+eZV0L2pOvVa/a1RbzTyOIhzDCZyDA5fQgltoQwcITOERnuHFEtaT9Wq9LVsLVj5zBL9gvX8BZh+N6g==</latexit>

c01
<latexit sha1_base64="27KINH0Mj5AUa+dc3JaadT5vPqA=">AAAB63icbVBNS8NAEJ3Ur1q/oh69LBbRU0msVL0VvHisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3JmkQtT4YeLw3w8w8P+JMG8f5tEorq2vrG+XNytb2zu6evX/Q0WGsCG2TkIeq52NNOZO0bZjhtBcpioXPadef3mR+94EqzUJ5b2YR9QQeSxYwgk0mkdOhO7SrTs3JgZaJW5AqFGgN7Y/BKCSxoNIQjrXuu05kvAQrwwin88og1jTCZIrHtJ9SiQXVXpLfOkcnqTJCQajSkgbl6s+JBAutZ8JPOwU2E/3Xy8T/vH5sgisvYTKKDZVksSiIOTIhyh5HI6YoMXyWEkwUS29FZIIVJiaNp5KHcJ2h8f3yMumc19x6rX53UW02ijjKcATHcAYuXEITbqEFbSAwgUd4hhdLWE/Wq/W2aC1Zxcwh/IL1/gVhk43n</latexit>

c08
<latexit sha1_base64="NojUF+yPcRWXUG5XlL5LFXGVfcE=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsqfVW8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfmKRB1Ppg4PHeDDPzvJAzbWz70yqsrW9sbhW3Szu7e/sH5cOjrg4iRWiHBDxQfQ9rypmkHcMMp/1QUSw8Tnve7Cb1ew9UaRbIezMPqSvwRDKfEWxSiZyPmqNyxa7aGdAqcXJSgRztUfljOA5IJKg0hGOtB44dGjfGyjDC6aI0jDQNMZnhCR0kVGJBtRtnty7QWaKMkR+opKRBmfpzIsZC67nwkk6BzVT/9VLxP28QGb/pxkyGkaGSLBf5EUcmQOnjaMwUJYbPE4KJYsmtiEyxwsQk8ZSyEK5TNL5fXiXdy6pTq9bu6pVWI4+jCCdwChfgwBW04Bba0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y719sL43u</latexit>

c09
<latexit sha1_base64="ThSDVgAK/Gys3mLbE0xd1GxSq8U=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsqfZW8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfmKRB1Ppg4PHeDDPzvJAzbWz70yqsrW9sbhW3Szu7e/sH5cOjrg4iRWiHBDxQfQ9rypmkHcMMp/1QUSw8Tnve7Cb1ew9UaRbIezMPqSvwRDKfEWxSiZyPmqNyxa7aGdAqcXJSgRztUfljOA5IJKg0hGOtB44dGjfGyjDC6aI0jDQNMZnhCR0kVGJBtRtnty7QWaKMkR+opKRBmfpzIsZC67nwkk6BzVT/9VLxP28QGf/ajZkMI0MlWS7yI45MgNLH0ZgpSgyfJwQTxZJbEZlihYlJ4illITRTNL5fXiXdy6pTq9bu6pVWI4+jCCdwChfgwBW04Bba0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y719ts43v</latexit>

c06
<latexit sha1_base64="N7867/0H9k/gHB2TGuUosEaG+n0=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0msRL0VvHisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3JmkQtT4YeLw3w8w8P+JMG9v+tEorq2vrG+XNytb2zu5edf+go8NYEdomIQ9Vz8eaciZp2zDDaS9SFAuf064/vcn87gNVmoXy3swi6gk8lixgBJtMIqdDd1it2XU7B1omTkFqUKA1rH4MRiGJBZWGcKx137Ej4yVYGUY4nVcGsaYRJlM8pv2USiyo9pL81jk6SZURCkKVljQoV39OJFhoPRN+2imwmei/Xib+5/VjE1x5CZNRbKgki0VBzJEJUfY4GjFFieGzlGCiWHorIhOsMDFpPJU8hOsM7vfLy6RzXnca9cbdRa3pFnGU4QiO4QwcuIQm3EIL2kBgAo/wDC+WsJ6sV+tt0VqyiplD+AXr/QtpJ43s</latexit>

c05
<latexit sha1_base64="hgXYsh0AA65uEUVBelyEltoqyG0=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsrXorePFYwX5AG8pmu2mX7m7C7kYooX/BiwdFvPqHvPlvTNIgan0w8Hhvhpl5XsiZNrb9aRVWVtfWN4qbpa3tnd298v5BRweRIrRNAh6onoc15UzStmGG016oKBYep11vepP63QeqNAvkvZmF1BV4LJnPCDapRE6HF8Nyxa7aGdAycXJSgRytYfljMApIJKg0hGOt+44dGjfGyjDC6bw0iDQNMZniMe0nVGJBtRtnt87RSaKMkB+opKRBmfpzIsZC65nwkk6BzUT/9VLxP68fGf/KjZkMI0MlWSzyI45MgNLH0YgpSgyfJQQTxZJbEZlghYlJ4illIVynaHy/vEw651WnVq3d1SvNRh5HEY7gGM7AgUtowi20oA0EJvAIz/BiCevJerXeFq0FK585hF+w3r8AZ6ON6w==</latexit>

c03
<latexit sha1_base64="wpT01SrI/Cea6Yv9oJX7DJujLYQ=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0mMVL0VvHisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3JmkQtT4YeLw3w8w8P+JMG9v+tEorq2vrG+XNytb2zu5edf+go8NYEdomIQ9Vz8eaciZp2zDDaS9SFAuf064/vcn87gNVmoXy3swi6gk8lixgBJtMIqdDd1it2XU7B1omTkFqUKA1rH4MRiGJBZWGcKx137Ej4yVYGUY4nVcGsaYRJlM8pv2USiyo9pL81jk6SZURCkKVljQoV39OJFhoPRN+2imwmei/Xib+5/VjE1x5CZNRbKgki0VBzJEJUfY4GjFFieGzlGCiWHorIhOsMDFpPJU8hOsMje+Xl0nnvO64dffuotZsFHGU4QiO4QwcuIQm3EIL2kBgAo/wDC+WsJ6sV+tt0VqyiplD+AXr/Qtkm43p</latexit>

c02
<latexit sha1_base64="f7v55DAGksM3cSe3HUaJlOwiI/c=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0naUvVW8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfmKRB1Ppg4PHeDDPzvJAzbWz70yqsrW9sbhW3Szu7e/sH5cOjrg4iRWiHBDxQfQ9rypmkHcMMp/1QUSw8Tnve7Cb1ew9UaRbIezMPqSvwRDKfEWxSiZyPaqNyxa7aGdAqcXJSgRztUfljOA5IJKg0hGOtB44dGjfGyjDC6aI0jDQNMZnhCR0kVGJBtRtnty7QWaKMkR+opKRBmfpzIsZC67nwkk6BzVT/9VLxP28QGf/KjZkMI0MlWS7yI45MgNLH0ZgpSgyfJwQTxZJbEZlihYlJ4illIVynaH6/vEq6tapTr9bvGpVWM4+jCCdwChfgwCW04Bba0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y719jF43o</latexit>

c07
<latexit sha1_base64="X2oCOVRDa9NdRYesag+1ejNpMbw=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsafVW8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfmKRB1Ppg4PHeDDPzvJAzbWz70yqsrW9sbhW3Szu7e/sH5cOjrg4iRWiHBDxQfQ9rypmkHcMMp/1QUSw8Tnve7Cb1ew9UaRbIezMPqSvwRDKfEWxSiZyPmqNyxa7aGdAqcXJSgRztUfljOA5IJKg0hGOtB44dGjfGyjDC6aI0jDQNMZnhCR0kVGJBtRtnty7QWaKMkR+opKRBmfpzIsZC67nwkk6BzVT/9VLxP28QGf/KjZkMI0MlWS7yI45MgNLH0ZgpSgyfJwQTxZJbEZlihYlJ4illIVynaHy/vEq6l1WnVq3d1SutRh5HEU7gFC7AgSa04Bba0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y719qq43t</latexit>

c08
<latexit sha1_base64="NojUF+yPcRWXUG5XlL5LFXGVfcE=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsqfVW8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfmKRB1Ppg4PHeDDPzvJAzbWz70yqsrW9sbhW3Szu7e/sH5cOjrg4iRWiHBDxQfQ9rypmkHcMMp/1QUSw8Tnve7Cb1ew9UaRbIezMPqSvwRDKfEWxSiZyPmqNyxa7aGdAqcXJSgRztUfljOA5IJKg0hGOtB44dGjfGyjDC6aI0jDQNMZnhCR0kVGJBtRtnty7QWaKMkR+opKRBmfpzIsZC67nwkk6BzVT/9VLxP28QGb/pxkyGkaGSLBf5EUcmQOnjaMwUJYbPE4KJYsmtiEyxwsQk8ZSyEK5TNL5fXiXdy6pTq9bu6pVWI4+jCCdwChfgwBW04Bba0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y719sL43u</latexit>

c04
<latexit sha1_base64="vUSBst80xWtu9Zan5qHmB/j3flo=">AAAB63icbVBNS8NAEJ3Ur1o/WvXoZbGInkpiS9VbwYvHCvYD2lA22027dHcTdjdCCf0LXjwo4tU/5M1/Y5IGUeuDgcd7M8zM80LOtLHtT6uwtr6xuVXcLu3s7u2XKweHXR1EitAOCXig+h7WlDNJO4YZTvuholh4nPa82U3q9x6o0iyQ92YeUlfgiWQ+I9ikEjkbNUaVql2zM6BV4uSkCjnao8rHcByQSFBpCMdaDxw7NG6MlWGE00VpGGkaYjLDEzpIqMSCajfObl2g00QZIz9QSUmDMvXnRIyF1nPhJZ0Cm6n+66Xif94gMv6VGzMZRoZKslzkRxyZAKWPozFTlBg+TwgmiiW3IjLFChOTxFPKQrhO0fx+eZV0L2pOvVa/a1RbzTyOIhzDCZyDA5fQgltoQwcITOERnuHFEtaT9Wq9LVsLVj5zBL9gvX8BZh+N6g==</latexit>

c01
<latexit sha1_base64="27KINH0Mj5AUa+dc3JaadT5vPqA=">AAAB63icbVBNS8NAEJ3Ur1q/oh69LBbRU0msVL0VvHisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3JmkQtT4YeLw3w8w8P+JMG8f5tEorq2vrG+XNytb2zu6evX/Q0WGsCG2TkIeq52NNOZO0bZjhtBcpioXPadef3mR+94EqzUJ5b2YR9QQeSxYwgk0mkdOhO7SrTs3JgZaJW5AqFGgN7Y/BKCSxoNIQjrXuu05kvAQrwwin88og1jTCZIrHtJ9SiQXVXpLfOkcnqTJCQajSkgbl6s+JBAutZ8JPOwU2E/3Xy8T/vH5sgisvYTKKDZVksSiIOTIhyh5HI6YoMXyWEkwUS29FZIIVJiaNp5KHcJ2h8f3yMumc19x6rX53UW02ijjKcATHcAYuXEITbqEFbSAwgUd4hhdLWE/Wq/W2aC1Zxcwh/IL1/gVhk43n</latexit>

c06
<latexit sha1_base64="N7867/0H9k/gHB2TGuUosEaG+n0=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0msRL0VvHisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3JmkQtT4YeLw3w8w8P+JMG9v+tEorq2vrG+XNytb2zu5edf+go8NYEdomIQ9Vz8eaciZp2zDDaS9SFAuf064/vcn87gNVmoXy3swi6gk8lixgBJtMIqdDd1it2XU7B1omTkFqUKA1rH4MRiGJBZWGcKx137Ej4yVYGUY4nVcGsaYRJlM8pv2USiyo9pL81jk6SZURCkKVljQoV39OJFhoPRN+2imwmei/Xib+5/VjE1x5CZNRbKgki0VBzJEJUfY4GjFFieGzlGCiWHorIhOsMDFpPJU8hOsM7vfLy6RzXnca9cbdRa3pFnGU4QiO4QwcuIQm3EIL2kBgAo/wDC+WsJ6sV+tt0VqyiplD+AXr/QtpJ43s</latexit>

c09
<latexit sha1_base64="ThSDVgAK/Gys3mLbE0xd1GxSq8U=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lsqfZW8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfmKRB1Ppg4PHeDDPzvJAzbWz70yqsrW9sbhW3Szu7e/sH5cOjrg4iRWiHBDxQfQ9rypmkHcMMp/1QUSw8Tnve7Cb1ew9UaRbIezMPqSvwRDKfEWxSiZyPmqNyxa7aGdAqcXJSgRztUfljOA5IJKg0hGOtB44dGjfGyjDC6aI0jDQNMZnhCR0kVGJBtRtnty7QWaKMkR+opKRBmfpzIsZC67nwkk6BzVT/9VLxP28QGf/ajZkMI0MlWS7yI45MgNLH0ZgpSgyfJwQTxZJbEZlihYlJ4illITRTNL5fXiXdy6pTq9bu6pVWI4+jCCdwChfgwBW04Bba0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y719ts43v</latexit>

Fig. 6. Decomposition of D3 in DR (left) and DI (center left), and their associated dendrograms (center right for DR and right for DI ).

the anomaly degree (Eq. 1). Compared with the subjective
decomposition of D3 proposed in Figure 4, irregularities found
by the isolation forest are a little bit different. Cluster c6 is
correctly identified but some points between c2 and c3 are
considered regularities. Some points in the peripheral of c7
are also considered irregularities. Whereas the dendrogram
computed on DR, shown on Figure 6, correctly identifies
the different clusters of regular points, which confirms the
relevance of the similarity matrix inferred from the isolation
forest, the dendrogram built on DI needs a deeper study
to be understood. The green points that correspond to the
irregularities surrounding c7 are easily grouped, as well as the
points surrounding the clusters c2 and c3 that are well split
into two groups then gathered in the top of the dendrogram
(cut at 1.9). However, the points that correspond to cluster c6
in Figure 4 are divided into two groups (blue and purple) that
are gathered on the very top of the dendrogram (cut 2.2). This
is due to the use of the average linkage criterion that separates
the points located on top of c5 from those under c5.

3) Explaining Irregular Clusters: To ease the understand-
ing of the class-based structure of each dataset, a similarity
degree is then computed between the clusters identified in
DI and those from DR. The results of these comparisons
for the clusters labelled in Figures 5 and 6 are given in
Table III. The similarities found between these classes provide
useful additional information about the partitions provided by
AHC as it makes it possible to better understand the reasons
why points are considered irregularities and to identify false
positive. For instance, concerning D3, c′2 is linked with c′1, c′3
with c′4, c′7 with c′8, and finally c′5 is linked with c′6 and c′9.

4) Linguistic Summaries: The final step of the approach is
to provide the user with explanations about the structural prop-
erties of the classes found in each subset DR and DI , as well
as explanations about the links that exist between irregularities
and classes of regular points. To show the kind of linguistic
explanations provided, below are given the explanations about
D3 and more precisely about the class c′5 and its irregularities
grouped in c′6 and c′9:



D1 c1 c4 c5
c2 0.0195 0.0401 0.0129
c3 0.0676 0.0206 0.0228
c6 0.0101 0.0206 0.0317

D2 c′2 c′4 c′6
c′1 0.0377 0.0116 0.0209
c′7 0.0093 0.0314 0.0788
c′5 0.0086 0.0484 0.0586

D3 c′2 c′3 c′5 c′7
c′1 0.01865 0.01567 0.00552 0.01403
c′4 0.00881 0.02447 0.0107 0.01159
c′6 0.00392 0.00808 0.01657 0.00433
c′8 0.00535 0.00732 0.00564 0.02556
c′9 0.0023 0.00476 0.01539 0.00444

TABLE III
SIMILARITY MATRICES BUILT BETWEEN CLASSES OF IRREGULARITIES

AND REGULARITIES USING THE simIFF (ci, cr) MEASURE (EQ. 4).

Typical properties of c′5 in D3 are:
• A1 is high
• A2 is high
• The irregular points from c′6 may be anomalies of c′5 as:

– they share the following characteristic properties:
∗ A1 is high
∗ A2 is high

– but they differ on:
∗ A1 is medium
∗ A1 is very high

• The irregular points from c′9 may be anomalies of c′5 as:
– they share the following characteristic properties:
∗ A1 is high

– but they differ on:
∗ A2 is low
∗ A1 is medium
∗ A1 is very high

This linguistic description provides a legible summary of the
data structure, both in terms of regular and irregular points.

VI. CONCLUSION AND PERSPECTIVES

Faced with a new dataset to analyze, users need tools to
ease the translation of data into knowledge. Before deciding
to conduct a deep and costly analysis of these data, it may
be of particular interest to have explanations, automatically
generated, about the noteworthy structural properties that may
be observed in the data. This work introduces a novel and
pragmatic approach whose aim is to first automatically identify
classes of regular and irregular points as well as links between
them, for instance to explain the provenance of irregularities
that thus could be interpreted as anomalies. A particularity of
this clustering process is to rely on a unified data structure
to both quantify the similarity between points as well as to
differentiate between regular and irregular points: an isolation
forest. The distinctive properties of each class as well as those
that make of a set of irregular points possible anomalies of a
set of regular points are then linguistically explained to the
user. We have shown on three datasets the relevance of the
knowledge automatically acquired from the data.

The promising results obtained with this new strategy to
knowledge extraction from data that focus on the comparison
between observable regular trends and irregularities open
several perspectives of future works. We are conducting further
experimentations to compare the proposed approach with other
approaches dedicated to anomaly detection in a fraud detec-
tion challenge (IEEE-CIS Fraud detection challenge https://
www.kaggle.com/c/ieee-fraud-detection). To make the process
faster, we are also working on a distributed computation of the
isolation forest and the similarity matrix that can be inferred
from it.
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