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1 Introduction

Granular Computing (GC) has evolved dynamically over recent decades, substantially enhanc-
ing methods to improve our understanding of large numerical datasets, as demonstrated, for
example, by Pedrycz and Bargiela [1]. Recent developments have advanced areas such as fuzzy
association rule mining and linguistic summarization, among others. Despite significant the-
oretical and applied achievements and numerous successful practical applications, one of the
main challenges that remains is adequate validation of fuzzy information granules, and the task
becomes even more complex if various granular computing approaches are confronted.
Let us consider the following two examples of fuzzy information granules:

I;: Almost every recording in depression has low energy.
Iy If we observe low energy, then the patient is most likely suffering from depression.

In practice, there is often a need to compare or confront different types of information
granules (often imprecise) that are coming from various sources. To the best of the authors’
knowledge, while there are significant contributions to particular areas (e.g., association rules
mining), including approaches to assess their quality, there is not much research on the compar-
ative analysis of different granules, which should thoroughly consider various quality criteria,
types of quantifiers, and representations of linguistic expressions.

In this work, we pose the question of how to assess the dissimilarity of pairs of information
granules that may be exemplified with [; and I,. We focus on two representative types of
information granules, namely fuzzy association rules (FAR) and fuzzy linguistic summaries, and
aim to (1) propose a unified notation for the construction and selection of the most meaningful
fuzzy information granules, and (2) analyze and discuss the assessment of dissimilarity across
the considered types. We consider an illustrative example of real-life data collected within the
mental health monitoring application scenario, which served as inspiration for this research.
This work will conclude with a discussion about open challenges.
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2 Fuzzy Linguistic Summaries

Fuzzy linguistic summarization (FLS) provides natural-language descriptions of large numerical
datasets and has proven to be human-consistent [2]. Originating from Yager’s protoforms ("'Q y’s
are P’ and QR y’s are P’), numerous approaches have since been developed. While studies (see
e.g., [2, 3]) confirm their interpretability and value as information granules, clear guidelines for
their practical evaluation are still lacking. This contribution builds upon previous achievements
in the theories of generalized and intermediate quantifiers introduced by Mostowski [5]. We
adopt the general definition of fuzzy linguistic summaries (FLS) [4] with a linguistic quantifier,
qualifiers, and summarizers combined by logical connectives such as AND or OR. FLS can be
exemplified with the following sentence: Almost every sample with low energy and low variability
has low speech quality. Attributes are described by linguistic expressions represented through
fuzzy membership functions that refer to relative quantities, such as low, medium, or high. FLS
is defined as a 5-tuple (quintuple) S = (A, L, (P, <), (R, *), Q) consisting of a set of attributes,
linguistic expressions, summarizers, qualifiers, and a quantifier. For further details, we refer
interested readers to [4].

The informativeness of each summary is assessed using qualitative criteria. In this work, we
consider the degree of truth, expressing how accurately the summary reflects the data [6], and
the degree of support, indicating how many data objects it covers. These measures are used to
select the most meaningful summaries within each meta-category, as depicted in Algorithm 1.

Algorithm 1 Top-K Fuzzy Linguistic Summary (per Meta-Category)
Require: Quantifiers ) with expert ranking; feature levels; K meta-categories; measures 77,
T

1: fori=1to K do

2 S < all summaries using features in meta-category ¢
3: Compute T7(s) and Ty(s) for all s € S
4
)

S* «— argmaxges 11(s)
Break ties in S* by, in order:
(i) maximize # of summarizers,
(ii) maximize # of quantifiers,
(iii) prefer higher-ranked quantifiers in @,
(iv) maximize T
6: Output the remaining s*
7: end for

3 Fuzzy association rules

Fuzzy association rules (FAR) [7] are derived from fuzzified data using quality measures such as
fuzzy support, fuzzy confidence, and Lukasiewicz-based implicational quantifiers [9]. We employ
the implementation from the nuggets R package, which extracts pairs of fuzzy antecedents and
consequents, evaluates them using selected quantifiers, and filters rules with sufficiently high
support and confidence. Multiple antecedents are aggregated using the minimum ¢-norm, cho-
sen for its stability in high-dimensional settings where other continuous t-norms (e.g., product
or Lukasiewicz) rapidly reduce activation values. To reduce redundancy, a subset-based filtra-
tion removes overly specific rules within the same consequent group, retaining only the most
informative ones.
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The resulting rules serve as the basis for an Implicational Model with Quantifiers (IMQ) [8],
a fuzzy inference framework where each rule of the form IF A THEN B is evaluated using the
Lukasiewicz implication and weighted by its corresponding quantifier. The inference process is
described in Algorithm 2.

Algorithm 2 Minimal IMQ Inference from Fuzzy Association Rules
Require: Fuzzified data D; measures (support, confidence, ¢); thresholds Tsupp, Teont
Ensure: Predicted class label(s) with ties preserved
1: R <= mine rules from D; keep if support > 74, and confidence > 7eont
2: For each consequent B, remove rules whose antecedents are proper subsets of another rule’s
antecedents
for each instance ¥ do
for each class C' do
Score(C) :=1
end for
for each rule (A = B) € R do
u < Imp;(A(7),[B = C]);  w<q(A, B)
Score(C') - min (Score(C'), Imp, (w,u)) for the corresponding C
10: end for
11: Output arg max, Score(C') (report all ties)
12: end for

4 Assessment of dissimilarity between information gran-
ules

Having defined the two types of granules, we now consider the challenging problem of assessing
the dissimilarity score between the outcomes of FLS and FAR.

Let us denote FLS as S = {(S;,ti1,ti2) }ier, and analogously, let FAR, together with the
values of the quantifier, be denoted by R = {(R}, ¢;) }jes.The list of qualitative criteria for both
granules needs to be established at the beginning. For FLSs, degrees of truth ¢ ; and support
t.o are considered to assess their validity. For FARs, the degree of the quantifier ¢ is taken into
account, as it represents the degree of truth of the corresponding rule. Moreover, the degree of
support s, as well as any other relevant characteristics of a rule, can be computed for each rule.
Consequently, R can be extended to a trichotomious representation R; = {(R;, ¢, 5;)}jes

These requirements may serve as the foundation for defining an aggregation operator that
combines individual attribute-based dissimilarities into a unified score, ensuring consistency
with the trichotomous representation and monotonicity (the monotonicity of the scoring indi-
cates that the greater the difference, the higher the value of dissimilarity).

Let us start with a small illustrative example, and let us consider a simple dissimilarity d;
defined by

(S, R) =Y {1 L€R)# (€S},
leL

where L = LppsU Lpag, Lrrs, and Lrag are sets of all linguistic expressions included by FLS
and FAR methods, respectively. Note that in this particular example, we do not include any
numerical characteristics (i.e., {t 1, 2,¢,s.}); therefore, it is not necessary to specify which
representation we are dealing with. Applying this formula to an illustrative example from
Table 1, we receive d;(S,R) = 1 because the only difference in linguistic expressions involved
is “short sleep”.
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Table 1: Illustrative examples of FLSs and FAR.

No. Fuzzy information granules

S1 Almost every recording in depression has low voice energy.
So Almost every recording in depression from a day with short sleep also has low voice
energy variability.

Ry If we observe low voice energy and low voice energy variability, then the patient is
most likely suffering from depression.

In this contribution, we will investigate extensions of this definition to involve a weighting

scheme based on the quality criteria, advanced handling to the missing information about the
attributes, and we will attempt the semantic proximity between different linguistic expressions
included in the considered two information granules (summaries and rules).

In future work, we will further extend the scoring to incorporate linguistic descriptions

provided by domain experts into the comparative analyses, examining the limitations of their
potential integration within the present framework, and developing advanced formulas for defin-
ing the dissimilarity score.
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