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Abstract. In today's age, one of the main consequences
of operating in a globalized environment is the challenge
of daily changing conditions, which strongly promote
uncertainty in the behavior and processing of
information. This, coupled with the complexity that
nations face when observing constant and unforeseen
changes, necessarily leads to seeking adaptation to
daily uncertainty. That s, first, accepting this
environmental transformation and selecting alternative
strategies to integrate information in a timely and
relevant manner. These practices must consider the use
of historical records of multiple variables, such as the
price index and national inflation. Thus, our contribution
focuses on a new proposal for clustering historical
results using multiple unsupervised intelligent computing
techniques to group data and subsequently using
Interval Type-2 fuzzy systems models to integrate the
results obtained, considering the uncertainty inherent in
the data. Based on a detailed analysis of the
experimental results, the advantages of using the
proposed fuzzy method to perform time series
classification were identified.

Keywords. Clustering, neural networks, time series,
fuzzy systems.

1 Introduction

The general idea of a country's political, economic,
and social stability refers to its ability to maintain or
regain balance when faced with changes or
disturbances of various kinds. Among the factors
that frequently influence economic instability are
inflation, unemployment, national or international
crises, and others [1].

In order to strengthen a nation's capacity to
withstand the imbalances arising from global

instability, one of the strategies commonly used by
governments is to focus their attention on the
strategic decision-making process.

Thus, in the case of the financial sector, this
phenomenon known as uncertainty accompanies
us daily, necessitating the use of multiple
technological tools to predict trends [2-4] and
integrate or classify economic variables over
time [5-7].

Today, it is common for information systems to
collect data on the transactions citizens make in
their daily lives, primarily for commercial purposes.
Having a detailed record of where citizens'
economic resources are invested allows
consumption trends to be analyzed and compared
against the income of individuals in a
specific location.

Similarly, countries consider recording their
economic indicators to monitor their fluctuations
over time. When referring to data recorded
throughout history, it is important to keep in mind
that creating a time series requires recording
chronological data in an orderly and sequential
manner over a period.

Time series analysis has remained popular and
is frequently performed by entities across multiple
sectors [8-10], making it a functional tool that can
be applied to strategic decision-making [11-13].
Intelligent computing techniques for data clustering
[14] can be used in conjunction with the results
obtained during time series analysis, taking
advantage of each method's significant
strengths [15-17].

Mathematical models are commonly used to
integrate results obtained from different methods.
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However, for the past couple of decades, models
based on fuzzy set theory have emerged among
the scientific community. They propose managing
perceived uncertainty in the environment by
suggesting that, beyond whether an element may
or may not belong to a set, it is also possible for
that element to partially belong to different
sets [18-20].

This proposal differs from other intelligent
computing models [21-23] in that it combines
multiple clustering methods [24-26] to obtain a
variety of results that can be used individually, and
general results can also be obtained via fuzzy
integration of the clustering results.

Among the advantages of the proposed model
are the use of different intelligent computing
methods [27-29] to cluster the information [30-32]
and the data is subsequently classified using
Interval Type-2 fuzzy methods [33]. Therefore, the
main contribution of this proposal is to classify the
results of time series clustering using a novel
Interval Type-2 fuzzy integration model.

This article consists of the following sections:
Section 2 provides a summary of the basic
concepts of the theory under study; Section 3
refers to the problem description; Section 4
describes the methods used in the proposed
model; and Section 5 presents the results obtained
through the experimentation. Section 6
summarizes the final reflections on the results
obtained, and finally, Section 7 presents the
conclusions reached.

2 Basic Concepts

This section briefly presents some of the theory
considered in developing our proposal. It primarily
covers general topics related to artificial neural
networks, intelligent computing techniques, and
Interval Type-2 fuzzy systems.

2.1. Clustering intelligent techniques

Competitive neural network is an unsupervised
neural network model where only input data are
used to form clusters that represent characteristics
of the data through classes [34, 35]. K-means (KM)
groups similar data points into clusters by
minimizing the distance between data points in a
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cluster and their centroid [36, 37]. Fuzzy C-Means
(FCM) performs clustering by giving each element
of the set a degree of belonging to a group based
on its degree of membership [38-40].

Once we have identified data, we can facilitate
the understanding of the information by detecting
patterns and relationships in countless data that do
not have previous labels; that is, it does not require
supervised training.

2.2 Interval Type-2 Fuzzy systems

Today, a simple way to describe a fuzzy system
consists of a knowledge base represented by the
fuzzy rules that form the knowledge base;
secondly, there is the database that contains the
parameters and specifications of the membership
functions; and finally, a mechanism is required that
performs the calculations to simulate the inference
or reasoning process.

In general terms about the theory of fuzzy logic,
we can point out that its basic definitions apply to
Type-1 and Type-2 fuzzy sets. A Type-2 fuzzy
system is integrated with fuzzy if—-then rules and
membership functions where the antecedent or
consequent has Type-2 fuzzy sets that are
composed of Type-1 fuzzy sets [41].

The mathematical representation of an Interval
Type-2 Fuzzy Set can be expressed as Eq. (1):

Jx = {((xw)lu € [pA (x), A1}, 1)

where uA(x) and pA(x) correspond to the
boundaries of the fuzzy set, usually known as
lower and upper membership functions,
respectively.

The mathematical expression of the Footprint of
Uncertainty (FOU) is presented as Eq. (2):

FOU € [uA (x), nA(¥)], )

where the uA (x) and uA(x) are the lower and
upper membership functions, respectively.

For the rule base and fuzzy inference engine, in
an Interval Type-2 Mamdani FIS that performs the
same process a Type-1, but for upper and lower
rules firing forces respectively. The inference is
computed based on the Modus ponens inference
(fuzzy logic version), as shown in Eq. (3):

R': IFx; is F] and ...and x;, is F}, ,THEN y is G!, (3)
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where =1, ..., M [42].

3 Problem Description

Since the beginning of this century, a reality that
has kept us alert has opened a significant space
for global economic resilience amidst the risks of
high public debt and fiscal pressures, among
others, that nations face due to volatile market
changes and the effects of globalization.

Global decision-makers typically prioritize
governance, followed by environmental and social
factors [43]. In terms of governance there are
differences between developed and developing
economies. It should be considering a framework
that regulates the preservation of the
environment [44].

A global perspective that guides the course of
member nations and developing countries is
addressed in the G20 international forum, where
leaders and central bank governors meet. Its main
actions include the implementation  of
macroeconomic policies that lead to improved
long-term growth, debt transparency, and
financial stability that contribute to
decision-making processes.

The G20 member countries are the economic
leaders who concentrate a large part of the energy
resources and are also the largest suppliers and
importers of energy, promoting stability between
energy supply and demand worldwide [45]. Also,
these members countries use different financial
systems, resulting in the coexistence of diverse
economies within the group that promote financial
inclusion in broad economic contexts [46].

One of the main tasks of the G20 countries is to
maintain a stable global market for raw materials
by ensuring the supply of production factors [47].
The search for strategies to achieve an economic
balance that includes reducing the income
inequality gap among the population is highly
complex [48].

Furthermore, a key aspect to consider is the
sovereign risk that nations face of not being able to
meet their debt obligations within the agreed
timeframe [49].

Member nations of the G20 International Forum

"m
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Fig. 1. Member nations of the G20 International
Forum

As mentioned earlier, we are facing the current
problem from a global and particularly strategic
perspective, where the solutions
correspond to highly complex and mostly
multidimensional models.

Today, uncertainty accompanies daily life;
deadlines and commitments are just around
the corner.

Therefore, having exploratory analysis tools
transforms the decision-making process into an
activity that, while not eliminating uncertainty,
mitigates the risk of lacking relevant information in
most cases.

Coexisting in a globalized environment where
hyperconnectivity and transparency allow
information to be transmitted from one point to
another and where countless aspects governing
different population groups are kept in mind leads
to an acceptance that, while we are constantly at
the mercy of an open world, sometimes the world
closes due to countless worries and
unexpected events.

In addition to the asymmetries between
countries and regions, there are aspects and
ramifications of stability, where we cannot ignore
that among the elements that make up this
globalized scenario, it is inevitable to have different
degrees of maturity, where relationships are
frequently disparate and in many cases the context
is unequal.

For all the above reasons, the use of an
intelligent  computational model for the
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Fig. 2. Proposed method
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Fig. 3. FIS Description model

classification of economic variables such as
inflation and the price index is considered a useful
tool in the decision-making process.

For this case study, we used a dataset
corresponding to 18 G20 member countries [50]:
Australia (AUS), Brazil (BRA), Canada (CAN),
China (CHN), France (FRA), Germany (DEU),
India (IND), Indonesia (IDN), ltaly (ITA), Japan
(JPN), Korea, Rep (KOR), Mexico (MEX) Russian
Federation (RUS), Saudi Arabia (SAU), South
Africa (ZAF), Turkiye (TUR), United Kingdom
(GBR), and United States (USA) as shown in
Figure 1. This dataset is composed of 18 time
series corresponding to the available information
on the two-variable series: Inflation and Price Index
for the period (1990-2024).

The attributes for each time series are Country
Name, Country Code, Series Name and Series
Code. Regarding the data used, it is important to
mention that this is a collection of statistical data
compiled by the World Bank, so it is relevant and
of high quality. No preprocessing was required, as
the data is available in a format ready for use by
interested parties.

4 Methodology

This proposal consists of an intelligent
computational model for classifying [51] inflation
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and price index time series. This model is first
composed of input data (represented by the
time series).

As a second step, we will use three
unsupervised intelligent computational methods
that have proven robust for data clustering tasks:
Competitive Neural Networks (COMP), Fuzzy C-
Means (FCM), and K-Means (KM). Finally, to
perform the classification (result integration), we
will use a set of Interval Type-2 fuzzy systems.

The general model is presented in Figure 2,
which shows the sections of this proposal.

For the specific case of the design of Interval
Type-2 fuzzy systems (FIS) it is important to note
that the FIS are of the Mamdani type and are
composed of three inputs and one output, 36 fuzzy
rules and centroid defuzzification Figure 3.

Next in the Table 1 there are the fuzzy rules
where the clustering results corresponding to the
identified clusters are considered as antecedents
the input 1 (COMP), input 2 (FCM), and input 3
(KM), and finally the output 1 as a consequent of
the integration result. The possible values are
Cluster 1 (CLT1), Cluster 2 (CLT2), Cluster 3
(CLT3), Cluster 4 (CLT4), and Cluster N (CLTN) for
the final result.

Table 1. FIS fuzzy rules (three inputs-one output)

Fuzzy Antecedents Consequent
rules  pputl  Input2 Input3  Ouputl
(COMP) (FCM)  (KM) (CLTN)
1 CLT1 CLT1 CLT1 CLT1
2 CLT1 CLT1 CLT2 CLT1
3 CLT1 CLT1 CLT3 CLT2
4 CLT1 CLT1 CLT4 CLT2
5 CLT1 CLT2 CLT1 CLT1
6 CLT1 CLT3 CLT1 CLT2
7 CLT1 CLT4 CLT1 CLT2
8 CLT2 CLT1 CLT1 CLT1
9 CLT2 CLT2 CLT1 CLT2
10 CLT2 CLT2 CLT2 CLT2
11 CLT2 CLT2 CLT3 CLT2
12 CLT2 CLT2 CLT4 CLT3
13 CLT2 CLT3 CLT2 CLT2
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14 CLT2 CLT4 CLT2 CLT3
15 CLT2 CLT3 CLT3 CLT3
16 CLT2 CLT4 CLT4 CLT3
17 CLT3 CLT1 CLT1 CLT2
18 CLT3 CLT3 CLT1 CLT2
19 CLT3 CLT3 CLT3 CLT3
20 CLT3 CLT2 CLT2 CLT2
21 CLT3 CLT3 CLT2 CLT3
22 CLT3 CLT3 CLT4 CLT3
23 CLT3 CLT2 CLT3 CLT3
24 CLT3 CLT4 CLT3 CLT3
25 CLT3 CLT4 CLT4 CLT4
26 CLT4 CLT1 CLT1 CLT2
27 CLT4 CLT4 CLT1 CLT3
28 CLT4 CLT2 CLT2 CLT3
29 CLT4 CLT4 CLT2 CLT3
30 CLT4 CLT3 CLT3 CLT3
31 CLT4 CLT4 CLT3 CLT4
32 CLT4 CLT2 CLT4 CLT3
33 CLT4 CLT3 CLT4 CLT4
34 CLT4 CLT4 CLT4 CLT4
35 CLT1 CLT4 CLT4 CLT3
36 CLT4 CLT1 CLT4 CLT3

cLT1

Degree of membership

Degree of membership
° ° °
= > @
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Regarding the membership functions (MF), we
exclusively use the triangular type, and the
linguistic values correspond to the identified
clusters Cluster 1 (CLT1), Cluster 2 (CLT2),
Cluster 3 (CLT3) and Cluster 4 (CLT4) respectively
as shown in Figures 4 and 5. For both Type-1 and
Interval Type-2 systems, the MF parameters and
rules were manually tested until obtaining
these values.

5 Experimental Results

It is important to highlight that these results were
obtained from 30 executions of each method. Also,
we can mention that as part of the clustering
experiment in Tables [2-3] we can note that for the
inflation variant three clusters were identified using
COMP and four clusters using FCM and KM.

08 08 1 12
INPUT3

c)

CLT1 cLT2 cLT3 CLT4.

Degree of membership

06 08 1 1.2
QUTPUT1

d)
Fig. 4. Type-1 FIS Membership function a) Input 1
b) Input 2 ¢) Input 3 d) Output 1
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02 i It is noteworthy to point out in Figure 6 that at
) \ ‘ least 83% of the total number of elements were
[ & - o o ; oA concentrated in Cluster 1 (CLT1).

d) In the case of the price index variable, Tables
[4-5] show that four clusters were identified using
COMP and FCM, and only three clusters for the
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Table 4. Clustering results of Price index time series Before beginning the presentation of the fuzzy
classification results, we consider it pertinent to
CLgﬂER COMP FCM KM mention that uncertainty can also be represented
(ERD) by incomplete or uncertain data, which resembles
CLT1 11 11 11 . -
the reality of our environment.
CLT2 2 4
CLT3 4 2 0 Through the following results we can facilitate
CLT4 1 . the visualization and interpretation of the behavior

of fuzzy classification models that consider
variables inflation and price index.

Table 5. Clustering results of Price index time series . . . .
g So, the results obtained for the inflation time

by country . . .
series by using the fuzzy systems are presented in
CLUSTER COMP FCM KM Table 6 and Figure 8, where it can be observed that
(CLT) only clusters 1, 2 and 4 contain elements and that
CLT1 AUS AUS AUS using Interval Type-2 fuzzy integration it was
CAN CAN CAN possible to identify the greatest number of
elements belonging to cluster 4, as opposed to
CHN CHN CHN Type-1 FIS.
FRA FRA FRA
DEU DEU DEU Table 6. FIS Classification results for Inflation time
ITA ITA ITA series
JPN JPN JPN
KOR KOR KOR CLUSTER Type-1FIS Interval Type-2
(CLT) FIS
SAU SAU SAU CLT1L 15 15
GBR GBR GBR CLT2 2 1
USA USA USA CLT3 0 0
CLT2 BRA BRA BRA CLT4 1 2
IND IND IND
- RUS IDN Similarly, in Table 7 and Figure 9 we can
observe that for the Price index time series the
- ZAF MEX S .
three clusters are maintained and again Interval
- - RUS Type-2 FIS presents better results in the
. . ZAF classification of Cluster 4 compared to Type-1 FIS.
CLT3 IDN IDN -
MEX MEX - Table 7. Classification FIS results for Price index time
series
RUS - -
ZAF - - CLUSTER  Type-lFIS  Interval Type-2
CLT4 TUR TUR TUR (CLT) FIS
CLT1 10 11
CLT2 6 2
It is noteworthy that, unlike the inflation CLT3 0 0
variable, 61% of the elements were in Cluster 1 CLT4 5 5

(CLT1) as is shown in Figure 7.

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 433445
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Clustering results of Inflation time series
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Fig. 6. Clustering results of Inflation time series

Clustering results of Price index time series
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Fig. 7. Clustering results of Price Index time series

Classification results for Inflation time series

—+—Type-1FIS —M—Interval Type-2 FIS
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CLT1 CLT2 CLT3 CLT4
CLUSTER(CLT)

Fig. 8. Classification results for Inflation time series

Finally, we compared the results obtained using
the proposed model with an Interval Type-2 FIS
(IT2 FIS) of Sugeno Type (where we can observe
in Table 8 and Figures [10-11] that for both
methods the same results were obtained for the
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doi: 10.13053/CyS-30-1-6338

inflation variable. However, for the price index
variable, the cluster CLT1 remains similar with 11
elements for each one, but the cluster CLT2 has
two elements for Sugeno and four elements for
Mamdani and CLT4 has five elements for Mamdani
and 3 elements for Sugeno respectively. In both
cases the cluster CLT3 remains
without elements.

Table 8. Comparison of Interval Type-2 FIS results

Variable Inflation Price index

CLUSTER  Mamdani Sugeno  Mamdani Sugeno
(CLT) IT2 FIS IT2 FIS IT2 FIS IT2 FIS
CLT1 15 15 11 11
CLT2 1 1 2 4
CLT3 0 0 0 0
CLT4 2 2 5 3

6 Discussion of Results

Based on the results obtained from the
experimentation carried out, we noted that it is
possible to use different unsupervised intelligent
methods to perform clustering, considering four
classes that were subsequently combined using
fuzzy integration where the scope ranges of an
Interval Type-2 FIS allow the aggregation to
consider the uncertainty inherent in the data.

The advantages of using the proposed model
are that it is possible to simultaneously obtain
multiple results for the clustering of the time series
and at that stage it is possible to choose the most
appropriate result, or it is also possible to
subsequently integrate the results with a Interval
Type-2 fuzzy system if it is chosen to obtain a
robust result.

We also note that because a sample of
countries that were previously grouped based on
their global indicators was used, it was a factor that
influenced the fuzzy classification of Cluster 1
(CLT1) to have the largest number of elements;
however, if we look at it from the other side, this
factor makes it possible to identify which countries
are separated from Cluster 1 (CLT1) and that were
distributed in the rest of the groups.

It is considered necessary to test the proposed
model with a group of elements with different
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characteristics and evaluate its behavior when
there is no prior classification or categorization of
the elements.

Regarding the integration phase, because as
mentioned above the elements of the sample
presented previous similarity due to the nature of
their origin, the difference between the results
obtained using Interval Type-2 fuzzy systems was
slightly better than Type-1 for inflation variable, so
we consider that for similar samples Type-1 fuzzy
systems may possibly work better if the priority is
to counteract the effect of the computational cost
of using Type-2 fuzzy systems.

However, if the aim is to have a refined
integration as the case of price index variable
where it considers the minimum difference
between the integration results obtained, choosing
Interval Type-2 fuzzy systems would surely be the
option for this type of case.

7 Conclusions

The simulation results demonstrated that it is
possible to use Interval Type-2 Fuzzy systems to
integrate results obtained through different
intelligent computing methods and neural
networks. Compared to Type-1 fuzzy systems, for
this work Interval Type-2 fuzzy systems performed
better for the variables used.

Furthermore, it was observed that by using
multiple Type-1 and Type-2 fuzzy systems, it is
possible to classify elements based on their
characteristics and integrate the results obtained,
with the goal of serving as a support tool for
strategic decision-making.

This proposal differs from other intelligent
computing models in that it combines multiple
clustering methods to obtain a variety of results
that can be used individually, and general results
can also be obtained via fuzzy integration of the
clustering results.

Among the advantages of the proposed model
are the use of different intelligent computing
methods to cluster the information and the data is
subsequently classified using Interval Type-2
fuzzy methods.

As future work, we contemplate using
optimization methods applied to fuzzy rules
optimization and subsequently focusing on tuning

the parameters of the membership functions. We
also consider using intelligent hybrid techniques to

Classification results for Price index time
series

=—+—Type-1AS —B-Interval Type-2 AS

[P
=3

TOTALOF COUNTRIES

S oM R o@D o®

CLTH CLT2 CLT3 CLT4
CLUSTER (CLT)

Fig. 9. Classification results for Price Index time series

Clustering results of Inflation time series

NUMBER OF ELEMENTS

Inflation Sugeno Interval Type-2 FIS

Inflation Mamdani Interval Type-2 FIS

CLUSTER (C1T)

(Type-2FIS  » Interval Type-2 FIS

Fig. 10. Classification Interval Type-2 FIS results for
Inflation time series

Clustering results of Price index time series

NUMBEROF ELEMENTS

Price Index Sugeno Interval Type-2 FiS

o
Price Index Mamdani Interval Type-2 FIS
cus
cura
CLUSTER(CLT)

= Price Index Mamdan| Interval Type 2 FIS = Price Index Sugeno Interval Type-2 FIS

Fig. 11. Classification Interval Type-2 FIS results for
Prices index time series

work with time series forecasting in addition to
fuzzy classification.

It is also true that the more variables are
considered, the more complex it is for a single
model to offer satisfactory results, so other

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 433445
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strategies must be considered to refine the overall
visualization gap without neglecting the level of
detail of the data.

The central idea is that once new data is
available, it will be possible to compare the
evolution in the formation of clusters and whether
the similarity attributes remain or move away from
the elements of the assigned group.

Regarding the decision-making process, it is
possible to consider that fuzzy integration presents
a proposal that helps to make responses to social,
economic or environmental problems, among
others, faster. As future work, we could optimize
the system with metaheuristics, as in [52].
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