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Abstract

et al., 2010]. Another possibility is that the user judgment
on concepts’ importance is due to certain psychological processes and phenomena. In this paper, we examine one such
phenomenon—the basic level of concepts.
Our initial study [Belohlavek and Trnecka, 2012] demonstrated that the basic level phenomenon may be utilized to select important formal concepts, making thus a first step in the
present research direction. The present paper is considerably
more comprehensive. We review key contributions regarding basic level and describe and formalize within FCA five
approaches to basic level. By experimental evaluation, we
show that the approaches may be used to deal with the problem of a large number of concepts because the corresponding
basic levels, i.e. the selected sets of concepts, are reasonably
sized and tend to contain significant, useful concepts. Our
results support the thesis that basic level is a fuzzy (graded)
rather than a clear-cut notion. Moreover, we take advantage
of the formalizations of the basic level approaches to assess
their mutual relationships. Interestingly, this way we observe
strong similarities of some of the approaches—an observation
that has not been made in the literature on the psychology of
concepts. Last but not least, we discuss some critical issues
and challenges in formalizing the basic levels of concepts.
Two main implications of our paper are the following. First, when properly formalized, the psychological approaches to basic level, and possibly other psychological
knowledge, may naturally be utilized in data mining. Second,
the formalization of psychological knowledge makes possible a more concrete reflection on the psychological theories,
as well as a formation and testing of more precise hypotheses regarding the psychological theories, resulting in a mutually beneficial interplay between cognitive psychology on the
one hand and formal theories of data and data analysis on the
other hand.

We present a study regarding basic level of concepts in conceptual categorization. The basic level
of concepts is an important phenomenon studied in
the psychology of concepts. We propose to utilize
this phenomenon in formal concept analysis to select important formal concepts. Such selection is
critical because, as is well known, the number of all
concepts extracted from data is usually large. We
review and formalize the main existing psychological approaches to basic level which are presented
only informally and are not related to any particular
formal model of concepts in the psychological literature. We argue and demonstrate by examples that
basic level concepts may be regarded as interesting, informative formal concepts from a user viewpoint. Interestingly, our formalization and experiments reveal previously unknown relationships between the existing approaches to basic level. Thus,
we argue that a formalization of basic level in the
framework of formal concept analysis is beneficial
for the psychological investigations themselves because it helps put them on a solid, formal ground.

1

Motivation, Paper Outline

One of the crucial problems in data mining is the fact that the
number of patterns extracted from data may become too large
to be reasonably comprehended by a user [Tan et al., 2006].
This is in particular true of formal concept analysis (FCA)
which is concerned with extraction of particular groupings,
called formal concepts, from object–attribute Boolean data.
Typically, a domain expert considers some of the extracted
concepts more important (interesting, useful) than others.
One possible reason is that the user exploits some background
knowledge in judging the concepts’ importance. This view
resulted in methods that aim at extraction of only certain
formal concepts—the important ones according to the background knowledge, see e.g. [Belohlavek and Vychodil, 2006;
2009; Cellier et al., 2008; Dias and Vieira, 2010; Kwuida

2
2.1

Basic Level: Issues and Challenges
The Phenomenon of Basic Level

The basic level phenomenon is, in a sense, encountered in
everyday life. When we see a particular dog, we say “This
is a dog,” rather than “This is a German Shepherd” or “This
is a mammal.” That is, we prefer to name the object we see
by “dog” to naming it by “German Shepherd” or “mammal”.
Put briefly, basic level concepts are the concepts we prefer in
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Clearly, an important benefit of formalization is that it
makes the notion of basic level operational. On the one hand,
one may form and test reasonably precise hypotheses regarding basic level or compare various views and definitions of
basic level and test them against experimental data, benefiting thus the psychological research of basic level. On the
other hand—importantly from our standpoint—when linked
to a particular formal model involving concepts, such as FCA,
the model gets enhanced by a new, potentially powerful tool.
The formalization faces several challenges which result
from the many subtleties regarding basic level. Most importantly, like every formal model of psychological phenomena, any formal model of basic level will be simplistic and
thus potentially a point of criticism from the psychological
standpoint. Furthermore, the formalization has to cope with
various issues considered problematic or not yet fully understood from a psychological viewpoint. To give examples,
let us recall the fact that basic level concepts of people with
less knowledge tend to be more general compared to those
of people with extensive domain knowledge [Murphy, 2002;
Rosch, 1978; Tanaka and Taylor, 1991]; the problem of which
attributes to take into consideration to determine a basic level
[Murphy, 2002; Rosch, 1978]; or the role of context in determination of basic level [Murphy, 2002; Rosch, 1978].

naming objects.
Such rough definition gives us the first idea but it may
hardly be made operational. The first work demonstrating
that people consistently use a kind of middle level concepts
in speach is [Brown, 1958]. A comprehensive overview of
the work on the basic level is provided in [Murphy, 2002].
According to the current view in the psychology of concepts,
the basic level of concepts is understood as
“. . . the most natural, preferred level at which to
conceptually carve up the world. The basic level
can be seen as a compromise between the accuracy
of classification at a maximally general level and
the predictive power of a maximally specific level.”
[Murphy, 2002, p. 210].
We turn to more particular characterizations of basic level
in the next section and then in Section 3. Importantly, since
the pioneering work by Rosch [Rosch, 1978; Rosch et al.,
1976], many studies confirmed and further developed the observation that basic level concepts have a significant cognitive role. One of the most important features of basic level
concepts consists in the fact that they provide us with a lot
of information with little cognitive effort [Murphy, 2002;
Rosch, 1978]. Related to this fact is the capability to make accurate predictions with small cognitive effort, the capability
to categorize quickly, and the fact that basic level concepts are
easier to learn, see [Murphy, 2002, pp. 210–214] and references therein. Another important contention, supporting the
objective nature of basic levels, is the observation that people across cultures tend to use the same level of concepts in
naming animals and plants [Berlin, 1992].

2.2

3

Formalization of Basic Level Metrics in
FCA

3.1

Basic Notions of FCA

We assume familiarity with the basic notions of FCA [Ganter
and Wille, 1999]. A formal context is denoted by hX, Y, Ii;
the binary relation I ⊆ X×Y tells us whether attribute y ∈ Y
applies to object x ∈ X, i.e. hx, yi ∈ I, or not, i.e. hx, yi 6∈ I.
A formal concept of hX, Y, Ii is any pair hA, Bi consisting
of A ⊆ X and B ⊆ Y satisfying A↑ = B and B ↓ = A where

Basic Level Definitions and Metrics

The psychological literature does not contain a single, robust
and uniquely interpretabledefinition of the notion of basic
level. Even a single paper, such as the programmatic [Rosch
et al., 1976], contains several informal, verbally described
definitions. This reflects a variety of existing views regarding basic level and, moreover, is a natural consequence of the
many subtleties regarding basic level as well as the nature of
psychological research itself. For illustration, let us present
three definitions by Rosch, certainly the most influential author in this area. [Rosch et al., 1976, p. 383]: “In general, the
basic level of abstraction in a taxonomy is the level at which
categories carry the most information, . . . , and are, thus, the
most differentiated from one another.” [Rosch et al., 1976,
p. 384]: “. . . the basic categorization is the most general and
inclusive level at which categories can delineate real-world
correlational structures.” [Rosch, 1978]: “. . . basic level objects are the most inclusive level of classification at which
objects have numbers of attributes in common . . . ” (note:
one would say “basic level concepts” instead of “basic level
objects” given today’s terminology).
The informal definitions of basic level have been utilized
for definitions of (semi)formalized basic level metrics, i.e.
functions assigning numbers to concepts (categories) in such
a way that the larger the number, the stronger it indicates that
the concept is a basic level concept. We utilize and formalize
within FCA five selected metrics in Section 3.

A↑
B

↓

= {y ∈ Y | for each x ∈ X : hx, yi ∈ I}, and
= {x ∈ X | for each y ∈ Y : hx, yi ∈ I}.

That is, A↑ ise the set of all attributes common to all objects from A and B ↓ is the set of all objects having all the
attributes from B, respectively. The set B(X, Y, I) of all
formal concepts of hX, Y, Ii equipped with the subconceptsuperconcept ordering ≤ is called the concept lattice of
hX, Y, Ii. Note that the ordering ≤ is defined by hA1 , B1 i ≤
hA2 , B2 i iff A1 ⊆ A2 (equivalently, B2 ⊆ B1 ) which models the natural hierarchy of concepts according to which more
general concepts have more inclusive extents and less inclusive intents.

3.2

Basic Level Metrics

In this section, we formalize within FCA five selected approaches to basic level. Our common assumption is that
we are given a formal context hX, Y, Ii which describes all
the available information regarding the objects and attributes.
For a given approach M to basic level, we define a function BLM mapping every concept hA, Bi in the concept lattice
B(X, Y, I) to [0, ∞) or to [0, 1]; BLM (A, B) is interpreted as
the degree to which hA, Bi belongs to the basic level. A basic
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Category feature collocation approach (CFC)
This approach, inspired by [Jones, 1983], utilizes the socalled collocation of category c and attribute y, which is the
product P (c|y) · P (y|c) of the cue validity P (c|y) and the
so-called category validity P (c|y). The total CFC for c may
then be defined as the sum of collocations of c and each attribute. Basic level concepts may then again be understood as
concepts with a high total CFC. This leads to
P
BLCFC (A, B) = y∈Y (P (c|y) · P (y|c)) =
X  |A ∩ {y}↓ | |A ∩ {y}↓ | 
=
·
.
|{y}↓ |
|A|

level is thus naturally seen as a graded (fuzzy) set rather than
a clear-cut set of concepts.
Similarity approach (S)
This approach represents one of Rosch’s attempts to operationalize the definition of basic level. It appears in the form
of an informal definition in [Rosch, 1978] and, more explicitly, in [Murphy, 2002]. According to this approach, a basic
level concept satisfies three conditions: 1. the objects of this
concept are similar to each other; 2. the objects of the superordinate concepts are significantly less similar to each other;
3. the objects of the subordinate concepts are only slightly
more similar to each other. This approach was formalized
within FCA in [Belohlavek and Trnecka, 2012] to which we
refer for details. Due to lack of space, we only note that in
this formalization,

y∈Y

Category utility approach (CU)
[Corter and Gluck, 1992] introduced yet another approach
to basic level. Their approach is supposed to overcome
some shortcomings of those based on cue validity and category collocation, cf. also [Zeigenfuse and Lee, 2011]. This
approach utilizes
P the notion of category utility, defined by
cu(c) = p(c) y∈Y [p(y|c)2 − p(y)2 ]. Therefore, in our
framework, we obtain that BLCFC (A, B) equals
"
#
X  P ({y}↓ ∩ A) 2
↓ 2
P (A) ·
− P ({y} ) =
P (A)
y∈Y
"
#
2
|{y}↓ ∩ A|
|A| X
|{y}↓ | 2
=
) .
−
|X|
|A|
|X|

BLS (A, B) = α1 ⊗ α2 ⊗ α3 ,
where αi represents the degree of validity of the above condition i = 1, 2, 3 and ⊗ represents a truth function of manyvalued conjunction [Gottwald, 2001]. The definition of degrees αi involves definitions of appropriate similarity measures [Lengnink, 1996; Tversky, 1977] and utilizes basic principles of fuzzy logic.
Cue validity approach (CV)
This approach, proposed in [Rosch et al., 1976], is based on
the notion of a cue validity of attribute y for concept c, i.e.
the conditional probability p(c|y) that an object belongs to c
given that it has y. The total cue validity for c is defined the
sum of cue validities of each of the attributes of c [Rosch et
al., 1976, p. 384]. Basic level concepts are those with a high
total cue validity.
Here and below, when speaking of probabilities, we consider the following probability space: X (objects) are the elementary events, 2X (sets of objects) are the events, the proba1
bility distribution is given by P ({x}) = |X|
for every object
x ∈ X. For an event A ⊆ X then, P (A) = |A|/|X|. The
event corresponding to a set {y, . . . } ⊆ Y of attributes is
{y, . . . }↓ , i.e. the set of all objects sharing y, . . . .
Within FCA, the cue-validity approach thus gives
↓
P
P
|
BLCV (A, B) = y∈B P (A|{y}↓ ) = y∈B |A∩{y}
.
|{y}↓ |

y∈Y

Note that due to lack of space we omit the approach in
[Fisher, 1987] (COBWEB) which is based on the CU approach and performs similarly [Gosselin and Schyns, 2001].
Predictability approach (P)
The last approach we present is based on the idea, frequently
formulated in the literature [Murphy, 2002], that basic level
concepts are abstract concepts that still make it possible to
predict well the attributes of their objects (enables good prediction, for short). As with the similarity approach, this approach has not been formalized in the psychological literature. The formalization we propose is based the following
idea. We introduce (see below) a graded (fuzzy) predicate
pred such that pred (c) ∈ [0, 1] is naturally interpreted as the
truth degree of proposition “concept c = hA, Bi enables good
prediction”. Then, we use the principles of fuzzy logic to obtain the truth degrees β1 , β2 , and β3 of the following three
propositions, respectively, which are congruent with the considerations regarding basic level [Murphy, 2002]: 1. c has
high pred ; 2. c has a significantly higher pred than its upper neighbors; 3. c has only a slightly smaller pred than its
lower neighbors. This is done in a way analogous to how we
approached a similar problem with formalizing the similarity approach to basic level in [Belohlavek and Trnecka, 2012]
and we omit details due to lack of space. Finally, we put

Remark 1 [Murphy, 2007] (see also [Murphy, 2002, p.
215]) criticizes the cue validity approach on the account
that total cue validity is monotone w.r.t. inclusion of categories and, hence, achieves its maximum for the most general category. This claim is wrong. Namely, while it is
true that hA1 , B1 i ≤ hA2 , B2 i implies P (A1 |{y}↓ ) ≤
P (A2 |{y}↓ ), as the author correctly argues, it does not imply that BLCV (A1 , B1 ) ≤ BLCV (A2 , B2 ) because the summations run over B1 and B2 and we have B1 ⊇ B2 .
Interestingly, one may show that the cue validity approach
is congruent to and under certain assumptions agrees with another view of basic level formulated by Rosch, namely the
one based on the number of attributes characterizing the categories, which is often dealt with in experiments. Due to space
limit, we omit details.

BLP (A, B) = β1 ⊗ β2 ⊗ β3 ,
where ⊗ is again an appropriate truth function of manyvalued conjunction [Gottwald, 2001], for which we use the
product in our experiments.
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Therefore, we need to define pred . For a given concept c =
hA, Bi and attribute y ∈ Y , consider the random variables
Vy : X → {0, 1} and Vc : X → {0, 1} defined by
Vy (x) = 1 if hx, yi ∈ I and Vy (x) = 0 if hx, yi 6∈ I, and
Vc (x) = 1 if x ∈ A and Vc (x) = 0 if x 6∈ A.
The fact that the value of y is well predictable for objects in
c corresponds to the fact that the conditional entropy [Cover
and Thomas, 2006] E(Vy |Vc = 1) is low. One may check
that we have
|A − {y}↓ |
|A − {y}↓ |
E(Vy |Vc = 1) = −
· log
|A|
|A|
|{y}↓ ∩ A|
|{y}↓ ∩ A|
−
· log
.
|A|
|A|

5

y∈Y −B

Since a low value of p corresponds to a good ability to predict
by c, i.e. to a high value of pred (c), and since one may prove
that p(c) ∈ [0, 1], letting
pred (c) = 1 − p(c)
gives us the desired definition of pred .

Extracting Interesting Concepts

[Belohlavek and Trnecka, 2012] demonstrated that the basic
level concepts corresponding to S, i.e. the formal concepts
hA, Bi with high values of BLS (A, B), may be regarded as
informative, natural concepts. We performed similar experiments with the other metrics proposed in this paper on various
datasets, including the Drinks, Sports1 , as well as the wellknown DBLP dataset [Miettinen and Vreeken, 2011]. Due to
limited scope, we present just a brief summary.
For Drinks (68 drinks as the objects and 25 attributes regarding the composition of drinks), the concept lattice contains 320 formal concepts. The concepts with a high basiclevelness include those which may be described as follows:
“beers”, “drinks containing magnesium and potassium”, “energy drinks containing coffein”, “liquers”, “milk drinks”,
“mineral waters”, “energy drinks”, “sweet vitamin drinks”,
“wines”, and some other natural groups of drinks. Particularly similar were the basic concepts selected by CU and
CFC. As a rule, the intents of these concepts contained
smaller numbers of attributes compared to the basic level concepts selected by the other metrics. Nevertheless, the concepts selected by CV were considerably similar to those selected by CU and CFC. There was a clear evidence of the fact
that P differs from the other metrics and follows a “different
logic”.
For DBLP (6980 objects—authors of papers in computer
science conferences; 19 conferences), the concept lattice contains 2424 concepts. Among the concepts with a high basiclevelness value for most of the metrics were the concept with
1

Comparison of Basic Level Metrics

In this section, we provide a comparative analysis of the
above metrics. Because the metrics represent different quantitative approaches to describe a single phenomenon—the basic level of concepts—the reasons are obvious and include the
following ones. Since the metrics are to be used for data analysis purposes such as in Section 4, we wish to describe their
relationships, possibly in a quantitative manner. The basic
question, important also from the psychological viewpoint,
is: are the basic levels determined by these metrics related?
Do the metrics differ significantly and thus describe essentially different notions of basic level, or are they similar and
thus describe one, “objective” notion of basic level? Examination of these questions, which is grossly missing in the
literature (see Section 6) and which is made possible due to
our formalization within FCA, may reveal important insight
regarding basic level which is significant both from data analysis and psychological viewpoint.
We approach the ambiguous question of whether two given
metrics are similar, in that they determine similar basic levels,
in two ways. In Sec. 5.1, we ask the (rather strict) question
of whether the rankings of concepts according to two given
metrics BLM and BLN are similar. In Sec. 5.2, we ask the
question (less strict and perhaps more natural) of whether the
N
sets Top M
r and Top r consisting of top r concepts according
to BLM and BLN are similar. The results reveal some interesting and surprising patterns which are discussed below.

Averaging over all the attributes in Y − B (because for y ∈ B
we have E(Vy |Vc = 1) = 0), we get an auxiliary quantity
X E(Vy |Vc = 1)
p(c) =
.
|Y − B|

4

the intent consisting of SIGMOD and VLDB, which may naturally be described as “authors publishing in top database
conferences”, the concept with the intent consisting of FOCS
and STOCS, naturally described as “authors publishing in top
theory conferences”, as well as other concepts corresponding
to natural, thematically based groupings of conferences.
To sum up, we observed that the basic level concepts selected by the metrics contain natural concepts, informative of
the respective domains. Furthermore, we observed that some
of the metrics tend to produce the same or intuitively similar basic level concepts. In the next section, we examine this
similarity in more detail.

5.1

Similarity of rankings basic level concepts

For every input data hX, Y, Ii, a given metric BLM (i.e. M
being S, CV, CFC, CU, or P) determines a ranking (with possible ties) of formal concepts in B(X, Y, I), i.e. determines
the linear quasiorder ≤M defined by
hA1 , B1 i ≤M hA2 , B2 i iff BLM (A1 , B1 ) ≤ BLM (A2 , B2 ).

Both are available at http://www.inf.upol.cz/trnecka/datasets.zip
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We examined the pairwise similarities of the rankings ≤S ,
≤CV , ≤CU , ≤CFC , and ≤P for various datasets. We used
the Kendall tau coefficient [Agresti, 2010; Kendall, 1938]
to assess the similarities. Recall that the Kendall tau coefficient τ (≤M , ≤N ) of rankings ≤M and ≤N is a real number
in [−1, 1] based on the numbers of concordant and discordant
pairs in the rankings. High values indicate agreement of rankings with 1 in case the rankings coincide; low values indicate
disagreement with −1 in case one ranking is the reverse of
the other. Even though this approach might seem rather strict,
significant patterns were obtained.

We used the Sports and Drinks datasets described in Section 4 as well as collections of synthetic datasets of various
sizes with tens to hundreds of objects and tens of attributes.
Due to scope limit, we only present the results in Tables 1, 2,
3, and 4, which represent a typical behavior we observed.
S
CV
CFC
CU
P

S
1.000
-0.093
-0.215
-0.139
-0.175

CV
-0.093
1.000
0.737
0.754
0.170

CFC
-0.215
0.737
1.000
0.789
0.229

CU
-0.139
0.754
0.789
1.000
0.161

S
CV
CFC
CU
P

S
1.000
0.103
0.151
0,067
-0.036

CV
0.103
1.000
0.555
0.581
-0.232

CFC
0.151
0.555
1.000
0.811
-0.061

CU
0.067
0.581
0.811
1.000
-0.064

P
-0.036
-0.232
-0.061
-0.064
1.000

S
CV
CFC
CU
P

CFC
0.050
0.701
1.000
0.791
-0.164

CU
0.039
0.699
0.791
1.000
-0.107

P
-0.136
-0.540
-0.645
-0.458
1.000

where
P

P
-0.104
-0.211
-0.164
-0.107
1.000

hC,Di∈Top M
r

maxhE,F i∈Top Nr s(hC, Di, hE, F i)
|Top M
r |

and
P
INM =

hE,F i∈Top N
r

maxhC,Di∈Top M
s(hC, Di, hE, F i)
r
|Top N
r|

.

Using basic principles of fuzzy logic [Gottwald, 2001],
N
S(Top M
r , Top r ) may naturally be interpreted as the truth degree of the proposition “for most concepts in Top M
r there is a
and
vice
versa”.
Because
of this insimilar concept in Top N
r
terpretation and because S is a reflexive and symmetric fuzzy
relation with suitable furhter properties (omitted due to lack
of space), S is a good candidate for measuring similarity [Recasens, 2011]. Clearly, high values of S indicate high simiN
M
N
larity and S(Top M
r , Top r ) = 1 iff Top r = Top r .
We inspected the similarity of top r sets of basic level concepts for varying r. This is shown in Figs. 1, 2, and 3, each
showing 10 functions representing the similarities of the 10
P
CFC
, Top CU
pairs of sets Top Sr , Top CV
r , and Top r of
r , Top r
top r concepts selected by the 5 metrics, for varying r.
The figures, which are representative for our experiments
with other data as well, indicate the following. First, the similarities tend to increase with increasing r. We regard this
monotony a natural property, possibly psychologically relevant, which indicates a kind of mutual consistency of the metrics. Second, the functions tend to be convex, with a faster
growth in small values of r, which may be regarded as a certain kind of stability—for relatively small r, the sets of top
r concepts may not be similar but their similarity grows fast
till a point after which the growth is only small and naturally
reflects the property that larger sets are more similar. Third,
the degrees of similarity for any two pairs of metrics are reasonably high, indicating that the metrics tend to describe an
“objectively existing” basic level. Fourth, one may clearly
see a high mutual similarity among CV, CFC, and CU, particularly the similarity of CFC and CU. The mutual similarities
of S to any of CV, CFC, and CU are considerably smaller and

Table 3: Kendall tau coefficients for synthetic 75×25 datasets
(average values for 100 datasets).
The table entries describe the rank correlation. For example, 0.754 at row CV and column CU in Table 1 means
τ (≤CV , ≤CU ) = 0.754, indicating a high rank correlation of
the lists of concepts sorted according to the CU and CV metrics. As we see from the tables, CV, CFC, and CU tend to
be mutually correlated, with CFC and CU being correlated
significantly. On the other hand, neither of S and P is correlated with any other metric. Hence, one may conclude that
CV, CFC, and CU form a group (with a stronger subgroup
consisting of CFC and CU) of metrics that result in considerably similar basic-level rankings of concepts, while S and P
represent two different, singleton groups.

5.2

CU
0.350
0.631
0.727
1.000
-0.458

N
S(Top M
r , Top r ) = min(IMN , INM )

IMN =
CV
0.051
1.000
0.701
0.699
-0.211

CFC
0.303
0.636
1.000
0.727
-0.645

For formal concepts hC, Di, hE, F i ∈ B(X, Y, I), denote
by s(hC, Di, hE, F i) an appropriately defined degree of similarity, i.e. a number in [0, 1]. We present results utilizing
the similarity based on the simple matching coefficient [Belohlavek and Trnecka, 2012; Lengnink, 1996] but other options such as the Jaccard coefficient yield similar results. For
two metrics M and N, and a given r = 1, 2, 3, . . . , we define

Table 2: Kendall tau coefficients for Drinks data.
S
1.000
0.051
0.050
0.039
-0.104

CV
0.245
1.000
0.636
0.631
-0.540

Table 4: Kendall tau coefficients for synthetic 100 × 50
datasets (average values for 100 datasets).

P
-0.175
0.170
0.229
0.161
1.000

Table 1: Kendall tau coefficients for Sports data.

S
CV
CFC
CU
P

S
1.000
0.245
0.303
0.350
-0.136

Similarity of sets of top r basic level concepts

Rank correlation may be thought of as representing too strict
a criterion. Namely, instead of basic-level ranking, one is
arguably more interested in the set consisting of the top r
concepts of B(X, Y, I) according to the ranking ≤M for a
given metric M. We denote such set by
Top M
r
with the provision that (a) if the (r + 1)-st, . . . , (r + k)-th
concepts are tied with the r-th one in the ranking, we add
the k concepts to Top M
r ; (b) we do not include concepts to
which the metric assigns 0. Given metrics M and N, we are
interested in whether and to what extent are the sets Top M
r
and Top N
r similar. For this purpose, we propose the following
measure of similarity.
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Figure 2: Similarities S of sets of top r concepts for 75 × 25
datasets (average values for 100 datasets).
follow a similar pattern, reflecting a certain (weak) form of
transitivity; the same may be said of P. S and P again seem to
represent separate singleton groups. The results thus reveal a
similar structure to that observed in Section 5.1.

6

40

50

proposed basic level metrics but also an interesting pattern.
CU, CFC, and CV may naturally be considered as a group
of metrics with significantly similar behavior, while S and P
represent separate, singleton groups. This observation contradicts the current psychological knowledge. Namely, the
(informal) descriptions of S, P, and CU are traditionally considered as essentially equivalent descriptions of the notion
of basic level in the psychological literature [Murphy, 2002;
Rosch, 1978]. On the other hand, CFC has been proposed by
psychologists as a supposedly significant improvement of CV
and the same can be said of CU versus CFC [Murphy, 2002].
A future research shall include the following topics: examination from the present viewpoint of the notion of concept
stability and other formal concept indices [Klimushkin et al.,
2010; Kuznetsov, 2007]; examination of our findings regarding the relationships bewteen the metrics from the viewpoint
of the psychology of concepts and reconsideration of some of
the above-mentioned psychological views regarding the basic level phenomenon; (psychological) experimental testing
of the proposed approaches; comprehensive evaluation of the
method selecting basic level concepts as important concepts
from data analysis viewpoint; computational considerations
regarding the computation of basic level; exploration of related psychological phenomena such as the typicality effects
[Murphy, 2002] for data analysis purposes.
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Figure 3: Similarities S of sets of top r concepts for 100 × 50
datasets (average values for 100 datasets).
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Figure 1: Similarities S of sets of top r concepts for Drinks
data.
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