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Abstract

In this study, type-1 fuzzy c-means and its interval and general type-2 versions
were applied to a digital capability-based synthetic data. The synthetic data
were generated via a Monte Carlo method under multivariate normality
parameterized by an empirical mean vector and a shrunk covariance matrix.
The performances of type-1 and type-2 fuzzy clustering algorithms were
evaluated using a cluster validity index and discriminant analysis. Kim and
Ramakrishna’s validity index was utilized to determine the optimal fuzzy
partitions of the synthetic data. The synthetic data was partitioned into three
tuzzy clusters. Discriminant analysis was conducted to assess the separability
of the obtained fuzzy clusters. Consequently, the type-1, interval type-2,
and general type-2 fuzzy clustering algorithms achieved the highest group
case proportions under “Small”, “Medium”, and “High” fuzzifier settings,
respectively.

1. Introduction

Digitalization is a key strategic indicator for organizational decision-
making. Organizations focus on measuring and evaluating their digital
growth and maturity using objective and data-driven approaches. There
are various data-driven methods to improve the strategic decision-making
processes. A system considered within a decision problem contains epistemic
uncertainties due to both the system—components’ crisp structures and the
interactions/relations among these components. Zadeh’s (1965) fuzzy set
theory—based approaches analyze the epistemic uncertainties addressed in
decision problems.
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Fuzzy clustering is an unsupervised machine learning task under fuzzy
environment. This unsupervised clustering task is commonly used in
modeling and eliminating the uncertainties in complicated decision systems.
As the well-known fuzzy clustering algorithm, type-1 fuzzy c-means (T1-
FCM) (Dunn, 1973; Bezdek, 1981) assigns observations (data points)
to multiple clusters based on their membership degrees. Numerous type-
1 fuzzy clustering algorithms were developed for different purposes (e.g.,
Hathaway & Bezdek, 1993; Hoppner & Klawonn, 2003; Pedrycz, 2004;
Pal et al., 2005; Chaira et al., 2007; Celikyilmaz & Turksen, 2008b; Baskir
& Turksen, 2013). There were enhanced various type-2 fuzzy clustering
algorithms to overcome the uncertainties arising from the crisp primary
memberships produced by T1-FCM (e.g., Hwang & Rhee, 2007; Linda &
Manic, 2012; Raza & Rhee, 2012; Turksen, 2014, Nguyena et al., 2014;
Rubio et al., 2017; Zhao et al., 2019; Yang et al., 2021; Baskir 2022; Wu
& Peng, 2023; Huang et al., 2024; Kchaou et al., 2025). The fuzzifier
parameter 7z in T1-FCM has a significant role in shaping an appropriate fuzzy
partition structure. In this context, Hwang and Rhee (2007) introduced an
interval type-2 fuzzy c-means (IT2-FCM) algorithm that utilizes an interval-
valued fuzzifier m € [my, mg] to capture uncertainty in T1-FCM-based
fuzzification process. As an extension of IT2-FCM, a general type-2 fuzzy
c-means (GT2-FCM) was proposed by Linda and Manic (2012). GT2-FCM
was structured using linguistic fuzzifier M obtained by type-1 fuzzy sets
(T1ESs) and a-planes description of general type-2 fuzzy sets to calculate
its secondary memberships. Type-reduction and center-updating procedures
can be performed by using the enhanced Karnik-Mendel algorithm
(Wu & Mendel, 2009). Type-1 and type-2 fuzzy clustering algorithms
discover the intrinsic data structure without label information. Due to the
unsupervised nature of these algorithms, the suitable fuzzy partition of the
data is determined using cluster validity indices (CVIs). CVIs (e.g., Bezdek’s
Partition Coefficient and Partition Entropy (1973, 1974, 1981), Xie &
Beni (1991), Kim & Ramakrishna (2005), Celikyilmaz & Tiirksen (2008a,
2008b), Baskir & Turksen, 2013, among others) quantitatively evaluate
intra-cluster compactness and inter-cluster separation of the fuzzy partition.

In this study, a comparative performance analysis of T1-, IT2-, and GT2-
FCM algorithms was conducted on digital capability-based synthetic data.
The performance of these algorithms was tracked using the synthetic data.
The digital capability-based synthetic data were generated according to
the empirical mean and shrinkage covariance of Aramburu et al.’s (2021)
original data. The clustering structure-qualities of these algorithms were
assessed using Kim-Ramakrishna’s validity index. Additionally, the accuracy
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of cluster assignments and the overall classification performance was assessed
through discriminant analysis to validate the fuzzy clustering results. The
highlights of this study are as follows:

* The synthetic data were generated via Monte Carlo approach under
the assumption of multivariate normality parameterized empirical
mean and covariance of the digital capability-based original data.

e TI1-, IT2-, and GT2-FCM were comparatively evaluated using the
internal validity index and discriminant analysis.

* The results revealed similar and/or distinct behaviors of type-1 and
type-2 fuzzy clustering algorithms in terms of their membership
patterns.

The remainder of this study is organized as follows: Section 2 presents
the theoretical frameworks of type-1 and type-2 fuzzy-based clustering
algorithms, and the mathematical structure of the cluster validity index. The
performance results of the relevant algorithms are presented in Section 3.
The conclusion is given in Section 4.

2. Materials And Methods

This section presents the analytical structures/procedures of the type-1
and type-2 fuzzy clustering algorithms and the cluster validity index.

2.1. From Classical To Type-1 Fuzzy Clustering

Clustering is a frequently used machine learning task that partitions any
given input data into clusters based on their similarity and/or dissimilarity
patterns. The main goal is to maximize similarity within clusters and
maximize dissimilarity between clusters. Classical clustering recognizes data
patterns by assigning each data point to a specific cluster based on distance
measures/similarity metrics. The well-known classical clustering task is the
k-means algorithm. The k-means was introduced by MacQueen (1967) to
partition a given data into k clusters, such that each data point belongs to
only one cluster. Under this algorithm, the boundaries of the clusters are
distinctly defined. The k-means algorithm aims to obtain homogeneous and
well-separated cluster structures by minimizing the sum of squared errors
within each cluster. However, data points located in boundary regions may
exhibit similarities to multiple clusters. This situation leads to limitations in
classical clustering algorithms due to their rigid assignment mechanisms.
To eliminate the limitations of classical clustering, fuzzy clustering was
developed to construct flexible and soft cluster structures.
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The conventional type-1 fuzzy clustering was first introduced by Dunn
(1973), and then developed by Bezdek (1981) as an optimization problem in
Eq. (1), where J is the minimized objective function, u;; is the membership
degree, v, is the cluster center, ¢ and  are cluster number and fuzzifier,
respectively, and | |.|| is the Euclidean norm.

min J (U,V) Zz,u (“xk_vi”)

k=1 i=l <1>
sbj t0:0 < g, <1, Vi, k; Zyk 1, Vk; O<z,uk3n Vi

i=l

The solutions (center and membership function) of Eq. (1) are given in
Eqgs. (2)-(3):

n

(/Jik )mxk
Center: v, = k:L 2)
(44 )m
=1
2(m-1) ]!
Membership function: - ; ”xk _vi” .
p function: g, ey 3)
= ”xk_vj”

The pseudo-code of T1-FCM is given in Algorithm I.
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Algorithm 1. T1-FCM algorithm.

Input: Input data (X = {x,, ...
error (g), iteration number (iter)

Output: Membership matrix (U

1. Initial cluster centers are randomly determined.

Xn}), cluster number (c), fuzzifier (m),

*), Center vector (V")

Memberships are calculated using Eq. (3).
Centers are computed using Eq. (2).

Il v® — v 1< & then Stop.

2. Repeat t < iter:
3. Fori=1,2,..,n
4. Fork=12,..,c
5

6.

7

8. End

9. End

2.2. Interval Type-2 Fuzzy Clustering Algorithm

Hwang and Rhee (2007) proposed the interval type-2 fuzzy c-means
(IT2-FCM) algorithm by defining the fuzzifier m in T1-FCM as an interval-
valued parameter [2,,m,]. The objective function of T1-FCM is restructured
using 7, and m,, separately, to obtain the objective functions of IT2-FCM.
The solutions of I'T2-FCM objective functions are given in Eqs. (4)-(6):

n

Z(ﬂi )mxk

Center: v; =[ v/, v = > .3 1/ ——— (4)
uel, uely, Z(/Jl )m
k=1
‘ 2/(m, -0 ! ‘ 2(mp-1) ]
Memberships: , , = max( Z —‘x" i , Z e v | )y (5)
J=l ka Vi = ka Vi
. 2m -0 . 2f(mg-1) !
P o s A o S (©)
= Jj=1 ‘xk Vi 7121 HxA Vi

The crisp representative center.

(7)-(8), respectively.

s and memberships are obtained as in Egs.
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Hi =

L R
vV +v
= 7
> (7)
e + 1
— (8)
2

Type-reduction and cluster center updating procedures can be examined
using the enhanced Karnik-Mendel (E-KM) algorithm (Wu & Mendel,

2009).

The pseudo-code of IT2-FCM is given in Algorithm II.

Algorithm I1. IT2-FCM algorithm.

Input: Input data (X = {xl, xn}}, cluster number (¢), fuzzifier
(m=[mm,]), error (¢), iterarion number (iter)
Output: Lov_ver and Upper Membership matrices (E and ﬁ), Interval
Centers (V,V)

1. Initial interval centers are randomly generated.

2. Repeat t < iter:

3. Fori=1,2,...,n

4. Fork=1,2,..,¢c

5. Lower and upper memberships are updated using Eqs. (5)-(6).

6. Interval centers are calculated using Eq. (4).

7. Type-reduction procedure can be performed using the E-KM

algorithm.

8. Ifll v® — v D < & then Stop.

9. End

10. End

2.3. General Type-2 Fuzzy Clustering Algorithm

Linda and Manic (2012) enhanced a general type-2 fuzzy c-means
(GT2-FCM) algorithm by defining the linguistic fuzzifier M. GT2-FCM
comprises a-planes of general type-2 memberships, which can be generated
by a-cuts of M. The secondary memberships in GT2-FCM can be expressed
as in Eq. (9):
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= U ars, o= U a/|st (slanst (sl 9)

ael0,1] ael0,1]

where S/é (x, | a) and Sg (x, | @) are left and right boundaries for a-planes

of GT2 memberships in Eq. (10):

#(@)=35, (x]a) (10)

x;eX

where

2@ | 2k (@-n ]
c [ |x, —v e [ |x, —v
R k i,t-1 k i,t—1
s¢ (x]e)=max( Y > )
A% TV A X TV

2/(syy (a)-1) 2/(sg (@)-1)
. S T Vi S T Vi
s}, (xJ) = min( > )
! =t X VY =X TV

The fuzzy cluster-centre can be obtained as in Eq. (11):

v=Co= S LS, )RR ( ))/Z(ij)’"xk
vj: .= b xl *...* xN k=;—’
A TP A

k=1

where CQ/_ = U a/[cﬁj (05),05/ (Q)J

a<[0,1]

The centroid C B is calculated using Liu’s theorem (2008), where
[cﬁ_ (a),cg_ (0{)} is the individual interval center.

The precise cluster-centre is computed as in Eq. (12), where K is the
number of discretized type-2 fuzzy sets:
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ZC}; )y,

J
l

2.C, )

i=1

Vj:

(12)

Type-reduction and center-updating procedures can be performed using
the E-KM algorithm. Defuzzification approach of IT2-FCM is extended for
GT2-FCM using Liu’s theorem.

The pseudo-code of GT2-FCM is given in Algorithm III.

Algorithm I1I. GT2-FCM algorithm.

Input: Input data (X = {xq,...x,}), cluster number (), linguistic
tuzzifier (M), zSlice number (§) or a-planes set, error (g), iteration
number (iter)
Output: GT2-memberships matrix (ff"‘ )) type-reduced cluster centers
V"

1. Initial cluster prototypes are randomly determined.

2. Repeat t < iter:

3. Fors=12..,8

4. Fori=12,..,n

5. Fork=12,..,c

6. Update GT2 memberships via zSlices / a-planes.

7. Update GT2 cluster prototypes (centroids) per slice.

8. Type-reduction across slices (e.g., the E-KM algorithm)

9. If|| v® — &1 < g then Stop.

10. End

11. End

12. End

2.4. Fuzzy Cluster Validity Indices

The optimal fuzzy partition of an input data can be obtained by selecting
the appropriate cluster number and fuzzifier parameters in fuzzy clustering
algorithms. The cluster validity indices (CVIs) were enhanced to select the
optimal fuzzy clustering parameters. There were enhanced numerous CVIs
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(e.g., Bezdek’s indices (1973, 1974, 1981), Xie & Beni (1991), Kim &
Ramakrishna (2005), Celikyllmaz & Tiirksen (2008a, 2008b), Baskir &
Turksen, 2013, among others). These CVIs vary depending on the geometric
structure of the data. The Kim-Ramakrishna’s (KR) validity index in Eq.
(13) was used in this study.

i=l,...c

Vi (1) = (rgi}l{||vi —VJHZ})

3. Results And Discussion

]. & 2 2
max ¢ — > 1 [x, —v,|
no

(13)

This section presents discriminant-analysis based performance evaluations

of the type-1 and type-2 fuzzy clustering algorithms.

3.1. Digital Capability-Based Synthetic Data

Digitalization is a crucial indicator for making strategic organizational
decisions. In this context, the DIGROW framework for digital maturity
(North et al., 2020) guides firms through two key assessment processes
(Aramburu et al., 2021): i) Evaluating their digital maturity level, ii)
assessing the capabilities associated with each maturity level to support
digitally enabled growth. The DIGROW-stages and their capacities are
given in Figure 1:
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* Digitally enabled growth
strategy

* Digital leadership

* Digital mindset (attitudes and
behaviors)

+ Empowered employees

* Searching for digitally enabled
growth opportunities

* Understanding and developing
digital customer needs

* Sensing technology driven
opportunities

* Use of external sources fo; .
digital imovation Stage 1: - StTge_z'
. . eveloping a
Sensing digitally || ooy “enabled
enabled growth owtil strate
potentials gl"and mjndst:tgy

Stage 4: Stage 3:

Managing .. ..
resources for SEL’{.]I{Igd digitally
digital enabled growth

transformation potentials

* Digitally enabled business
models

* Digital market presence

» Digital customer experience
= Agile implementation/
deployment of digitalization
initiatives

« Digital skills and learning
« Digital processes

« Digital technology and security
« Digital investments

Fig. 1. The DIGROW stages (Avamburu et al., 2021; Di Felice et al., 2022).

In this study, T1-, IT2-, and GT2-FCM algorithms were performed on
digital capability-based synthetic (S_DC) data. The original data released
by Aramburu et al. in 2021 for researchers was utilized to create the S_DC
data. First, the overall scores for each DIGROW stage in the original data
were calculated by averaging the scores of the four relevant capacities. Then,
the S_DC data were generated using a parametric Monte Carlo approach
assuming multivariate normality. The mean vector and covariance structure
were estimated from the overall score-based original data. To mitigate
the effects of multicollinearity in discriminant analysis, a shrinkage-based
covariance adjustment was employed. This procedure preserves the empirical
mean structure while systematically reducing interdimensional correlations.
The S_DC data size was set to 400 to ensure clustering stability and maintain
consistency with the original data size.

3.2. Type-1 and Type-2 Fuzzy Clustering Results

The digital capability-based synthetic overall scores (400 X 4-dimensional
S_DC data) were classified using T1-, IT2-; and GT2-FCM. Fuzzifier
settings of T1-, IT2-, and GT2-FCM are given in Table 1:
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Table 1. Fuzzifier settings of type-1 and type-2 fuzzy c-means.

High (M: Gaussian T1ES with the parameters (2.4, 0.3))

Algorithm | Fuzzifier settings
T1-FCM Small (m=1.4), Medium (m=2.0), High (m=2.6)
Small ([m,,m, ]=[1.4,2.2]),
IT2-FCM | Medium ([m,,m, ]=[1.6,2.4]),
High ([m,,m,]=[1.8,2.6])
Small (M: Gaussian T1FS with the parameters (1.6, 0.00)),
GT2-FCM  |Medium (M: Gaussian T1ES with the parameters (2.0, 0.1)),

The KR validity index (as shown in Eq. (13)) results for the T1-,IT2-, and
GT2-FCM algorithms are presented in Table 2. For all fuzzifiers considered
for the type-1 and type-2 fuzzy clustering algorithms, the KR validity index
consistently identified three as the optimal cluster number. T1-, IT2-, and

GT2-FCM-based clustering structures are illustrated in Figure 2.

Toble 2. KR-index values for the synthetic data.

KR-index values c=2 |c=3 |c=4 |c=5 |c=6 |c=7 |c=8
TLEC Small (m=1.4) 0.08 [0.08 [0.09 [0.088[0.098(0.089(0.058
1-FCM
Medium (m=2.0) 0.066 (0.059 [0.06 [0.074|0.065|0.091(0.075
High (m=2.6) 0.072{0.068 | 0.0680.101|0.109(0.186|0.237
Small
([m,,m,]=[1.4,2.2]) {0.079{0.079 |0.089 |0.087 [0.098 | 0.078 | 0.054
Medium
IT2-FCM ([m,,m,]=[1.6,2.4]) |0.066|0.059 [0.06 [0.075|0.064|0.088|0.073
High
([m,,m,]=[1.8,2.6]) {0.072]0.067 |0.068 |0.104 |0.108 |0.179|0.313
Small (M: Asym.
Gaussian T1ES) 0.018(0.018 {0.019(0.019(0.02 [0.019(0.014
Medium (M: Sym.
GT2-ECM Gaussian T1ES) 0.01710.015 [0.015]0.019{0.016(0.022|0.019
High (M: Asym.
Gaussian T1ES) 0.01710.016 [0.016]0.023{0.023|0.034|0.043
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()

Fig. 2. (w) T1-, (b) IT2-, (c) GT2-FCM vepresentations (*: Cluster-1, o: Cluster-2, ¢:
Cluster-3)

The hard partitioning procedures were executed for the relevant
algorithms by selecting the highest membership degrees.
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3.3. Discriminant-Based Performance Analysis

The discriminant analysis was used to assess the separability of each fuzzy
clustering structure. The multivariate normality assumption of the digital
capability-based synthetic (S_DC) data was provided according to the
Mardia (1970) test results (p-values > 0.01 for multivariate skewness and
kurtosis tests). The results of Box’s M tests in Table 3 indicate no statistically
significant difference among the covariance matrices of the relevant clusters.
Therefore, linear discriminant analysis (LDA) was conducted for T1-, IT2-,
and GT2-FCM models of the S DC data. The first discriminant functions
obtained for fuzzy clustering algorithms were statistically significant
(p-values=0.000).

Table 3. LDA vesults.

S_DC data Box’s M F p-value

SMALL 26.831 1.321 0.153

T1-FCM  |MEDIUM 23.377 1.151 0.288
HIGH 27.450 1.352 0.134

SMALL 26.831 1.321 0.153

IT2-FCM | MEDIUM 24,623 1.212 0.232
HIGH 27.450 1.352 0.134

SMALL 28.345 1.395 0.112

GT2-FCM |MEDIUM 22.527 1.109 0.331
HIGH 25.041 1.233 0.215

The equality tests of group (cluster) means for type-1 and type-2 fuzzy
clustering models are given in Table 4. According to Table 4, the S_DC
stages (independent variables) were found to have statistically significant
mean differences across the groups (clusters) of the dependent variable
(p-values=0.000). Discriminant analysis and variance analysis revealed
similar results.
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Toble 4. The group (cluster) means - equality tests.

Model S_DC Dimension Wilks’ A F p-value
DIMI _score 0.329| 405.173 0.000
T1-FCM DIM2 _score 0.230]  663.346 0.000
(SMALL) DIM3_score 0.214| 730.772 0.000
DIM4 score 0.294| 477.533 0.000
DIMI score 0.325 412.884 0.000
T1-FCM DIM?2 score 0.221 701.113 0.000
(MEDIUM) DIM3_score 0.224| 685.971 0.000
DIM4_score 0.301| 460.156 0.000
DIMI _score 0.318] 425.030 0.000
T1-FCM DIM2 score 0.222| 697414 0.000
(HIGH) DIM3_score 0.230]  666.201 0.000
DIM4 _score 0.306] 450.010 0.000
DIM1 score 0.329| 405.173 0.000
IT2-FCM DIM2 score 0.230 663.346 0.000
(SMALL) DIM3_score 0.214| 730.772 0.000
DIM4_score 0.294| 477.533 0.000
DIMI1_score 0.328] 406.237 0.000
IT2-FCM DIM2_score 0.222]  694.671 0.000
(MEDIUM) DIM3_score 0.218]  710.902 0.000
DIM4 _score 0.301| 460.168 0.000
DIMI1 score 0.318 425.030 0.000
IT2-FCM DIM2 score 0.222| 697414 0.000
(HIGH) DIM3 score 0.230]  666.201 0.000
DIM4_score 0.306] 450.010 0.000
DIMI1_score 0.327] 407.651 0.000
GT2-FCM DIM2_score 0.231] 661.458 0.000
(SMALL) DIM3_score 0.215| 725.677 0.000
DIM4 _score 0.293| 478.475 0.000
DIM1 score 0.318 426.121 0.000
GT2-FCM DIM2 score 0.224| 689.325 0.000
(MEDIUM) DIM3 score 0.225 694.964 0.000
DIM4 score 0.305|  453.309 0.000
DIM1 score 0.316]  429.092 0.000
GT2-FCM DIM2_score 0.221 699.482 0.000
(HIGH) DIM3 score 0.228] 673.094 0.000
DIM4_score 0.312] 438.246 0.000

The cross-validation results obtained from discriminant analysis of T1-,
IT2-, and GT2-fuzzy clustering models are given in Tables 5-7, respectively.

According to Tables 5-7, the high cross-validation rates (proportions)
indicate that the clusters are highly separable and statistically consistent in
the S_DC feature spaces.
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Tible 5. Cross-validation vates of the T1-FCM-based cluster-assignments

T1-FCM Predicted Group
(SMALL) Cluster-1 Cluster-2 Cluster-3
Cluster-1 149 1 0
Original Group | Cluster-2 3 154 1
Cluster-3 0 1 91
Assignment-rates 99.3% 97.5% 98.9%

for the clusters

n=400, n (Correct assignment) =394, Cross-v.

alidated group cases-rate=98.5%

T1-FCM Predicted Group
(MEDIUM) Cluster-1 Cluster-2 Cluster-3
Cluster-1 139 4 0
Original Group |Cluster-2 |3 158 0
Cluster-3 0 3 93
Assignment-rates 97.2% 98.1% 96.9%

for the clusters

n=400, n (Correct assignment) =390, Cross-v.

alidated group cases-rate=97.5%

TI-FCM Predicted Group
(HIGH) Cluster-1 Cluster-2 Cluster-3
Cluster-1 136 3 0
Original Group | Cluster-2 2 158 1
Cluster-3 |0 5 95
Assignment-rates 97.8% 98.1% 95.0%

for the clusters

n=400, n (Correct assignment) =389, Cross-validated group cases-rate=97.3%

Table 6. Cross validation vates of the IT2-FCM-based cluster-assignments

IT2-FCM Predicted Group
(SMALL) Cluster-1 Cluster-2 Cluster-3
Cluster-1 149 1 0
Original Group |Cluster-2 |3 154 1
Cluster-3 0 1 91
Assignment-rates 99.3% 97.5% 98.9%
for the clusters

n=400, n (Correct assignment) =394, Cross-v.

alidated group cases-rate=98.5%

IT2-FCM Predicted Group
(MEDIUM) Cluster-1 Cluster-2 Cluster-3
Cluster-1 144 1 0
Original Group |Cluster-2 |5 155 0
Cluster-3 0 3 92
Assignment-rates 99.3% 96.9% 96.8%

for the clusters

n=400, n (Correct assignment) =391, Cross-validated group cases-rate=97.8%

IT2-FCM
(HIGH)

Predicted Group

Cluster-1

| Cluster-2

| Cluster-3
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Cluster-1 136 3
Original Group | Cluster-2 2 158 1
Cluster-3 0 5 95
Assignment-rates 97.8% 98.1% 95.0%
for the clusters

n=400, n (Correct assignment) =389, Cross-validated group cases-rate=97.3%

Table 7. Cross validation vates of the GT2-FCM-based cluster-assignments

GT2-FCM Predicted Group
(SMALL) Cluster-1 Cluster-2 Cluster-3
Cluster-1 149 1 0
Original Group | Cluster-2 3 153 1
Cluster-3 0 2 91
Assignment-rates 99.3% 97.5% 97.8%

for the clusters
n=400, n (Correct assignment) =393, Cross-validated group cases-rate=98.3%

GT2-FCM Predicted Group
(MEDIUM) Cluster-1 Cluster-2 Cluster-3
Cluster-1 137 5 0
Original Group |Cluster-2 |4 159 0
Cluster-3 0 3 92
Assignment-rates 96.5% 97.5% 96.8%

for the clusters
n=400, n (Correct assignment) =388, Cross-validated group cases-rate=97.0%

GT2-FCM Predicted Group
(HIGH) Cluster-1 Cluster-2 Cluster-3
Cluster-1 135 1 0
Original Group | Cluster-2 2 161 1
Cluster-3 0 5 95
Assignment-rates 99.3% 98.2% 95.0%

for the clusters

n=400, n (Correct assignment) =391, Cross-validated group cases-rate=97.8%

4. Conclusion

This study presents a comparative performance analysis of type-1, interval
type-2, and general type-2 fuzzy c-means algorithms for digital capability-
based synthetic (S_DC) data. A Monte Carlo approach was employed to
generate the S_DC data under the assumption of multivariate normality.
The empirical mean vector and a shrinkage-adjusted covariance matrix
derived from the original data were utilized as distributional parameters. The
appropriate fuzzy partitions of the S_DC data were determined using Kim-
Ramakrishna’s validity index. The optimal cluster number was determined
to be three. Under the fuzzifier settings (Table 1), the behaviors of the
T1-, IT2-, and GT2-FCM algorithms for three clusters were assessed by
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their cross-validated cluster assignment-based and overall group case-based
proportions calculated through discriminant analysis. Under the “Small”
fuzzifier settings, the three algorithms yielded highly similar group cases-
proportions. Additionally, the three algorithms achieved the similar/close
cluster assignment proportions in Cluster-1/Cluster-2 (fuzzifier settings
“Small”), in Cluster-3 (fuzzifier settings “Medium”/“High”). This may
indicate that the assignment changes occurred at boundary data points, which
exhibit sensitive assignment behaviors to small perturbations based on the
relevant membership structure. T1- and IT2-FCM algorithms defined under
the “Small” fuzzifier settings attained the highest assignment proportions
for Cluster-3. Under the “Medium” setting, IT2-FCM achieved the highest
proportions in Cluster-1, while TI-FCM exhibited its highest values in
Cluster-2. GT2-FCM under the “High” fuzzifier settings demonstrated the
highest cluster assignment proportions across Clusters 1 and 2. T1-, IT2-
, and GT2-FCM algorithms achieved the highest group case proportions
under “Small”, “Medium”, and “High” fuzzifier settings, respectively.

In future studies, clustering algorithms based on type-1 fuzzy sets and
their several extensions (e.g., intuitionistic, picture, hesitant fuzzy sets) will
be comparatively investigated. The effects of these algorithms on fuzzy
system modeling will be analysed for big data analytics-based applications
such as traffic congestion prediction, energy efficiency analysis, climate
change and environmental risk modeling, disease diagnosis, and genomic
analysis.
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