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Abstract
@'

Small and Medium-sized Enterprises (SMEs) can enha@ formance and competitiveness
through smart technologies. However, selecting agpr(@t technologies is challenging due to

conflicting demands and uncertainties. This stud @elops a comprehensive decision support

afecti
(1) identification and validation of key indica
using Fuzzy Interpretive Structural M g (FISM) and Fuzzy DEMATEL (FDEMATEL), and
(3) technology ranking throu% e Neuro-Fuzzy Inference System (ANFIS) integrated with

framework for optimal smart technology s SMEs. The model comprises three phases:

ofs, (2) causal relationship analysis and weighting

hybrid optimization and Typ, uzzy Analytic Hierarchy Process (Type-2 Fuzzy AHP). Data
were collected via structred interviews with managers from 15 SMEs across manufacturing,
retail, and service s &,and expert questionnaires from 10 specialists averaging 12.4 years of
experience. A Qindicators, “compatibility with existing processes” (0.140), “return on
investment”@27), and “information security” (0.118) demonstrated highest impact. The
pro osed@e-z Fuzzy AHP-ANFIS hybrid model achieved superior performance (R? = 0.956),
showing”11.2% higher accuracy, 52.6% lower prediction error (RMSE), and 38.9% improved
ranking stability versus conventional Fuzzy TOPSIS (R?=0.872) and Fuzzy CoCoSo (R = 0.885).
Framework robustness was confirmed through scenario analysis (optimistic, probable,
pessimistic), with Spearman rank correlation coefficient of 1.0 across scenarios, indicating perfect
ranking stability. Results identified Internet of Things (0.280), blockchain (0.232), and artificial

intelligence (0.214) as the most suitable alternatives for investigated SMEs.
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1. Introduction

The Fourth Industrial Revolution has created unprecedented opportunities through smart
technologies, yet Small and Medium-sized Enterprises (SMEs) as pillars of national eco(@ks
face significant barriers in technology adoption due to limited finance, inadeqfiateNtgehnical
expertise, and high investment risks [1, 2]. Smart technologies encompass tools meworks
that enhance organizational effectiveness through intelligent data acquisifi d processing,
including Internet of Things (IoT), blockchain, artificial mtelllgencé%( ig data, and cloud
computing [3, 4]. Selecting appropriate smart technologies f@l‘is S

requiring simultaneous consideration of technical, economic, nizational factors unique to

inherently complex,

each enterprise [5]. Research reveals that over 60% of sma@ logy adoption projects in SMEs

D,

fail due to inadequate technology selection [1]. While t nology-Organization-Environment

(TOE) framework has emerged as an influential identifying three key dimensions affecting

adoption decisions, subsequent studies e e critical need to address uncertainty and
implementation risks [1, 5]. Current decisieh models exhibit critical shortcomings: they
inadequately address uncertainty, fail ture complex intercriteria relationships and nonlinear
interdependencies, and lack capab to“learn from historical experience or adapt to evolving
environmental conditions [2 These limitations underscore the urgent need for innovative
artificial intelligence an hine learning-based approaches. Adaptive Neuro-Fuzzy Inference
Systems (ANFIS) a>§romising capabilities by modeling complex nonlinear relationships,
learning from e Qe, and managing uncertainty effectively [5, 1]. Integrating ANFIS with
multi-criteri@:lsion-making models can overcome traditional approach limitations, providing
SME ma@rs with more accurate, reliable, and context-sensitive decision support for technology

sele
2. Theoretical Foundations and Literature Review

2.1. Small and Medium-sized Enterprises and Smart Technologies



Recent studies demonstrate significant advantages from smart technology adoption in SMEs.
Santos et al. [7] report productivity gains up to 35%, operational cost reductions of 25%, quality
improvements of 40%, and enhanced responsiveness of 50%. Kumar, L. and Sharma, R.K [8]
found that effective implementation reduces production cycles by 30% while increasing customer
satisfaction by 45%. Agostini, L. and Galati, F [9] further confirmed these benefits by examining
156 European SMEs, revealing that digitalization of innovation processes can accelerate time-to-
market by 32% and reduce R&D costs by 28%. Despite these benefits, SMEs face s é al

adoption barriers. Schwaeke et al. [10] identified four primary obstacle categor ancial
restrictions (65%), insufficient digital competencies (58%), cultural resistance ge (47%),
and ROI calculation difficulties (42%). These align with Shahadat e@ three-factor
framework of technological, organizational, and environmental influenges.» Sharma et al. [12]

extended this understanding by investigating Industry 4.0}@@ barriers in multi-tier
manufacturing supply chains within emerging economies. empirical analysis of 247
manufacturing SMEs revealed that supply chain complexit 0), lack of standardization (63%),
and institutional voids (59%) constitute addmo itical barriers beyond traditional
organizational constraints. Notably, their finding Mstrate that SMEs operating in emerging
markets face 43% higher adoption barriers c%g)to developed economies due to infrastructure
deficiencies and regulatory uncertainties, Jafaripour et al. [13] identified critical failure factors

including technology-process mijsali

t (67%), security concerns (55%), and integration
complexity (51%). Raj at al.[14] ¢ cted a cross-country comparative analysis of Industry 4.0
adoption barriers across 12 n@a identifying that institutional barriers (regulatory frameworks,
government support) @38% variance across countries, while technical barriers show only
12% variance. This Q suggests that policy interventions and institutional support play a more

critical role in S nology adoption than previously acknowledged.

2.2. Mu@rlterla Decision-Making in Technology Selection

Tecmy selection inherently involves multiple, often conflicting criteria. Various MCDM
approaches including AHP, ANP, TOPSIS, VIKOR, PROMETHEE, ELECTRE, and CoCoSo
have been applied. Santos et al. [7] employed Fuzzy DEMATEL, ANP, and Fuzzy TOPSIS for
Industry 4.0 technology selection in developing countries, identifying “implementation cost,”
“compatibility with existing systems,” and “scalability” as most significant criteria. Blyukozkan,

G. and Goger, F [15] proposed an innovative integrated Fermatean fuzzy rough set-based
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framework for smart supplier selection in Industry 4.0 contexts. Their methodology combines
Fermatean fuzzy sets (capable of modeling higher-order uncertainty) with rough set theory for
attribute reduction, resulting in a 23% improvement in decision accuracy compared to traditional
fuzzy MCDM approaches. Chang at al. [16] utilized hybrid DEMATEL-ANP-TOPSIS,
highlighting “compatibility with existing processes,” “implementation cost,” and “cybersecurity”
as critical. Rani et al. [17] introduced Fermatean fuzzy Heronian mean operators integrated with

approach addresses the limitation of conventional aggregation operators in captu'r' mplex

the MEREC-based additive ratio assessment method for technology selection proble?:.(béir
interrelationships among criteria. Yal¢in, N. and Yapici Pehlivan, N [18] da@ed a fuzzy
CODAS method based on fuzzy envelopes for hesitant fuzzy Iinguistic@ s, specifically
addressing situations where decision-makers express preferences using Ithguistic expressions with
varying degrees of hesitancy. Their personnel selection case .stu evealed that incorporating

hesitancy modeling reduces decision bias by 27% compared t nal fuzzy MCDM methods.

Traditional MCDM techniques inadequately capture u @ty and nonlinear relationships. Al-
Baldawi et al. [19] demonstrated Type-2 fuzzy.'N( aches’ superior uncertainty modeling
capabilities. Tavana et al. [20] advanced this o@ by proposing a novel Interval Type-2 Fuzzy
Best-Worst Method (IT2F-BWM) combined with the Combined Compromise Solution (CoCoSo)
approach. Their methodology addre the challenge of expert disagreement by modeling
uncertainty at both membership fu @ and linguistic variable levels. Application to eco-friendly
packaging alternative evalu demonstrated that IT2F-BWM produces 31% more robust

rankings under expert disagreement scenarios compared to Type-1 fuzzy approaches.

o\

2.3. NeuraI—F@ etworks: ANFIS and Type-2 Fuzzy AHP

Adaptive Fuzzy Inference System (ANFIS) synthesizes fuzzy systems’ human reasoning
cap '11@&/1&1 neural networks’ learning ability, adjusting membership functions and rules
throhnpirical training [1]. Zhu et al. [21] extended ANFIS capabilities by integrating feature
selection and cluster analysis techniques for case-based reasoning in engineering applications.
Their hybrid approach demonstrated 24% improvement in prediction accuracy and 37% reduction
in computational complexity compared to standalone ANFIS models, particularly in high-
dimensional decision spaces common in technology selection problems. ANFIS excels at
modeling complex nonlinear relationships, making it suitable for multi-criteria problems with

intricate interdependencies [22]. Its learning capability enables adaptation to changing
4



environments and new information [5]. Mendel, J.M [23], in his new book on rule-based fuzzy
systems, stresses the need for interpretability of Adaptive Neuro-Fuzzy Inference Systems
(ANFIS) and introduces techniques for rule base simplification and constrained learning. These
techniques have the potential to enhance interpretability and lower computational complexity.
Kahraman et al. [24] provided a comprehensive literature review on spherical fuzzy sets and their
extensions, including Type-2 fuzzy sets, analyzing over 250 publications from 2018-2022. Their
synthesis revealed that Type-2 fuzzy approaches demonstrate superior performance in g
epistemic uncertainty (average improvement of 28%) compared to Type-1 fuz &thods,
particularly in group decision-making contexts where expert disagreement is prevalent. Type-2
Fuzzy AHP extends conventional Fuzzy AHP by representing members&T grees as fuzzy

numbers, enabling expression of uncertainty in evaluation [23]. Integrati ype-2 Fuzzy AHP

with ANFIS combines nonlinear modeling and learning capa?ilitt'vvith enhanced uncertainty
representation. Agostini, L. and Galati, F [9] demonstrated t N cal application of advanced
fuzzy sets in intelligent transportation systems, employin orthopair fuzzy sets integrated

with neural network architectures. ° @

AS

2.4. Review of Previous Research on Q’echnology Selection

Recent studies have examined smart tg%)logy selection in SMEs from various perspectives. V.
K et al. [4] explored links betwe rt tgchnologies and business/environmental sustainability,
finding that technologies Optimizing energy consumption and resource efficiency most
significantly impact SM inability. Kumar, L. and Sharma, R.K [8] developed a five-
dimension maturity m& echnology, processes, people, strategy, culture) with 18 indicators
enabling SMEs t
S. and Zhan
on innov.

Theans emphasize the need to build digital culture alongside appropriate technology

selection.

digital readiness a necessary precondition for effective adoption. Wang,

analyzed interdependent effects of digital adoption, motivation, and culture

rformance in 287 SMEs, revealing digital culture as a powerful mediating factor.

2.5. Research Gaps and the Necessity of the Present Study

Despite considerable progress, five critical research gaps persist:



First, existing literature predominantly focuses on technology choice while neglecting
implementation risks. Shahadat at al. [11] demonstrate that implementation-related risks employee
resistance, system incompatibility, cybersecurity issues, hidden costs significantly influence

project success yet remain underexplored in selection frameworks.

Second, current frameworks employ conventional MCDM techniques inadequately modeling
intricate criteria interdependencies and expert judgment uncertainties, resulting in subo‘;ﬁml

decisions [2]. R Q

Third, contemporary frameworks lack learning capability and environmental r@enes& In
today’s dynamic environment, learning from experience and adapting to char% e essential for

decision support systems [23].

Fourth, studies concentrate on technical and economic considgfations, relatively neglecting
organizational, cultural, and human factors. Wang, S. and Z [3] identify these factors as

significantly contributing to successful SME smart techno @adoptlon

Fifth, research lacks scenario analysis and robustne uatlon under uncertainty. In uncertain
environments, evaluating decision robustne:‘th h scenario analysis is invaluable for SME

managers [7].

Addressing these gaps, this study dev a machine learning decision support system assisting

SME managers in optimal s armology selection while considering implementation risks.
Through ANFIS and Type-%zzy AHP integration, the system captures nonlinear criteria

interdependencies, IeKr m experience, and models expert opinion uncertainty. Scenario

analysis and robus
risks.

2.6. Co ceQ | Structure of the Study

ting enable SME managers to effectively manage technology choice

Basezn theoretical foundations and literature, the conceptual framework comprises three levels:
input (risks and criteria), processing (Type-2 Fuzzy AHP and ANFIS), and output (technology
ranking and scenario analysis). The input layer employs the TOE framework [25] across three

dimensions:

» Technical requirements: reliability, security, scalability, flexibility, technical complexity,

information security



* Organizational criteria: implementation cost, ROI, implementation time, compatibility with

existing processes

« Environmental factors: vendor support, infrastructure compatibility, specialized skills

requirements

The processing layer employs hybrid ANFIS and Type-2 Fuzzy AHP to model nonlinear criteria
interrelationships, learn from historical data, and represent expert evaluation uncertaintﬁv'le

framework’s primary innovation combines ANFIS’s learning and adaptation caf

nabling SME

implementation risks. This integration creates a robust decision support s
managers to select optimal smart technologies based on their specific*@ational context and

business environment.

3. Research Methodology &

3.1. Research Methodology

quantitative) for data collection In the quak phase, expert interviews and content analysis

were employed to search for and confirm(criteria influencing the selection of smart technologies.
In the quantitative phase, Fuzzy,l %&Ve Structural Modeling (FISM), Fuzzy DEMATEL,
Adaptive Neuro-Fuzzy Infer e&r; (ANFIS), and Type-2 Fuzzy Analytic Hierarchy Process
(AHP). 96'

3.2. Statistical Po ion and Sample

The study popu@n atistically consists of two distinct groups: (1) small and medium-sized
enterprises ed in different businesses that have either utilized or are willing to utilize
intelli echhnologies, and (2) holders of smart technology expertise, such as consultants,
academic specialists, and information technology managers. Sampling was done purposefully, and
accordingly, 15 small and medium-sized firms and 10 experts were selected to take part in the
study. The purposive sampling strategy was justified on both theoretical and practical grounds.
Theoretically, this research adopts an exploratory mixed-methods approach wherein qualitative
depth takes precedence over quantitative generalizability in initial framework development stages
[26]. Kahle at al. [27] emphasizes that purposive sampling enables selection of “information-rich

cases” whose study illuminates research questions precisely the objective when investigating
7



emerging technology adoption in resource-constrained SME contexts characterized by high

heterogeneity and limited empirical precedent.

3.3. Data Collection Tools and Methods

>

Data were collected through the following tools: ° Q

* Semi-structured interviews with managers of small and medium businesses to id@their needs
and challenges for the adoption of smart technology @

* Fuzzy Q-sort questionnaire for validating the identified criteria x

[ 4
 Pairwise comparison questionnaires using the FISM, FDK/I&{"&, and Type-2 Fuzzy AHP

methods.

* Special questionnaires designed to collect necessa&@o train the ANFIS model

Data quality assurance protocols were i d throughout collection phases. For semi-

structured interviews, a standardized interyvie ide with 18 core questions (spanning technology

awareness, process compatibility ass nt, resource constraints, and implementation barriers)
ensured consistency across respo hile allowing flexibility for context-specific probing.
Interviews averaged 68 mi (range: 52-91 minutes), were audio-recorded with informed

consent, and transcribed \@itlm yielding 427 pages of transcript data. Two independent coders
performed thematic Q’ s using NVivo 12 software, achieving inter-coder reliability of Cohen’s

k=0.84 for criteut tification codes.

3.4. Pro QFramework

The %ae%work of the present study includes three main stages, as illustrated in Figure 1.

Stage One: Identification and Verification of Efficient Standards

In this stage, initial criteria influencing the selection of smart technology are initially discovered
by way of reviewing existing literature and consulting with subject-matter experts. Secondly,

Fuzzy Q-sort method is used with the purpose of testing the criteria.
8



Lastly, criteria offering Content Validity Ratio (CVR) values above the predefined limit of 0.62
(based on 10 experts' evaluation) are picked. The CVR is worked out using Eq. (1) provided:

CVR = eNZ 1)
2

Where 7, is the number of experts who have marked the criterion as "essential" and Ni @@Eal

number of experts.
Stage Two: Discovering Causal Relationships and Criteria Weighting Q

In this stage, a combination of FISM and FDEMATEL methods is empl% etermine causality
between criteria and assign weights. First, by using FISM, h1erarc | relationships between the
criteria are determined. Then, through use of FDEMATEL, w gth of the relationship and

each criterion's effect are calculated.

In the FDEMATEL model, a fuzzy direct relationship % (Z) is first established based on expert

opinions. Then, the normalized fuzzy direct relati matrix(X) is calculated by Eq. (2) :

¥ _Z
r

2

Wherer =max ., 2",z l?xt,mml fuzzy relationship matrix (7)) is calculated using Eq. (3)

T=X(- Q 3)
Finally, the (D) and column sum (R) of matrix T are computed. Based on these
calculatk@ significance of each criterion (D+R) and its net influence (D—R) are established.

Th al*Weight assigned to each criterion is established through the normalization of the
significance levels

Stage Three: Ranking Technologies by ANFIS Neural-Fuzzy Network with Hybrid Optimization
Algorithm and Type-2 Fuzzy AHP

3.4.1. Design and Training of the ANFIS Model
In this Section, an ANFIS model with the following structure is created:

9



* Input layer: 12 neurons (number of criteria)

* Fuzzification layer: Gaussian membership functions

* Rule layer: Fuzzy rules derived from empirical data.

* Normalization layer: Normalization of activation degree

* Output layers: Desirability level of each technology (b

Figure 2 illustrates the five-layer architecture of the ANFIS.

e Layer 1 (Input): The first layer receives 12 criteria (neurons) as input. Q
e Layer 2 (Fuzzification): In this layer, each input x; is conve ed@

Oy =ty (X)=exp [—%} &\(b' (4)

where c; and g; are the center and width of the Gaussia@ship function, respectively.

zy membership

degrees through Gaussian membership functions:

e Layer 3 (Rules): Every node compute h@ivation level of a fuzzy rule:
O,; =w; _HNA x;) (%)

e Layer 4 (Normalization): ﬁ degree are normalized as follows:

O, =W; :% 6 (6

e Layer5 @nd Output): The output of each rule is calculated as follows:
O4,i @ 1 i(pixl+qix2+ri) (7)

Theﬁgzput of the model is calculated from Eq. (8) :

Zwifi
O, =D W, f, = ZW (®)

To train the ANFIS model, data is utilized that has been collected from 15 companies, which have
been studied. Linguistic variables are translated into fuzzy numbers, and target values each
technology's degree of desirability are established according to experts' views.

10



To optimize the ANFIS parameters, a hybrid GA-PSO optimization Algorithm is employed. The
hybrid Algorithm Combines the advantages of both the GA (global search) and PSO (convergent
property) algorithms.

The hybrid GA-PSO algorithm optimizes as follows:

1 .Initialization:

e GA parameter definition (population size N,,p, mutation probability Py, @%er
o
probability P.)

e PSO parameter definition (acceleration coefficients ¢i and c», inertia W

e Generating initial population randomly &
2. Evolution with GA: x

e Fitness assessment for every chromosome (based on RR@NFIS model)
e Parent selection through tournament selection mec@
S

e Using crossover and mutation operators to p.ro% pring
e Old population replaced by new populatiob\
3. Improvement with PSO: ‘ j
e For each particle:
- Velocity Updating : @
v, (t+1)=w v, (t)+c6(pbesti —X; (t))+c,-r,-(gbest —x; (t)) 9)
- Position update: @
x_i(u@g_i(t) + v _i(t+1) (10)

- Assessi ss and updating pbest; and gbest

4. S?ﬁg criterion: Repeating steps 2 and 3 up to the predefined number of iterations or
orithm

alg convergence

RMSE and R? values are used to quantify the model's performance:

RMSE =\/%i(yi -y) (11

11



Sy, -7
R?=1-12

: (12)
Z(yi o Yi )2

where y; is the actual value, Y, is the predicted value, and ¥ is the mean of actual values.

Overfitting is prevented by 5-fold cross-validation. It splits the data into 5 equal parts and, iWy
iteration, trains on 4 parts and tests on 1 part. ° ‘ )

Following model training, sensitivity analysis is conducted with the Sobol metho#in order to

ascertain the influence of each criterion on the model output. The Sobol @ 1S a variance-
{dices.

based sensitivity analysis that computes both first-order and total sensn&/

The first-order sensitivity index S; is the extent to which each im u%able impacts the variance
of the output: 6

OV, VENIX) o

s V) Vi) . >
\6

where V. is the conditional expected Varian@utput Y given input X, , and V (Y ) is the total

variance of the output.

The total sensitivity index ST, acw fs interaction effects of variable X, with other variables:

NS

VERED) (9

where X ; are a@/ariables except for X,

The fina t given to every criterion is determined by calculating the normalized total

senw ndex:
ST.

W, =——
28T,
j=1

(15)

3.4.2. Ranking by Type-2 Fuzzy AHP
In parallel with the ANFIS method, Type-2 Fuzzy AHP is also used for technology ranking. The

steps involved are as follows:
12



e Hierarchical structure development with the aim of selecting the most suitable smart
technology, 12 determined factors, and 5 technology alternatives (IoT, Blockchain,

Artificial Intelligence, Big Data, and Cloud Computing).

e Collecting pairwise comparisons using Type-2 fuzzy numbers:
- Comparison of the criteria with respect to the goal
- Comparison of alternatives with respect to each criterion

Type-2 fuzzy numbers applied in this research are defined as: C)(b

A =((a.2,8,), @.2,,2,)) ,& (16)

where (a1,a2,as)isthe core of the fuzzy numberand (a1, a2, a3’ d@ s the boundaries
of uncertainty, where:

Calculating the Type-2 Fuzzy Weight Vector for Criteria: ¢ ‘v

First, type-2 fuzzy geometric mean of each row of the palwomparlson matrix is done

f :( i1® i2® ®§ o

Then, type-2 fuzzy weight vector is formul%
4% (18)
1. Weight Defuzzification: :

To defuzzify type -2 fu @hts they must be converted into type-1 fuzzy numbers first:

Dn
Dn

17)

_‘H

QFDFD..®

=
Rt

W.=r

;T a1 2a . +a,
T, = S, T (19)
Then, type- 1 bers defuzzified using the center of gravity method:
2a ., +4, 2a , +a
V\ON|1'W|2’W|3) (Tl’aiZ’lsTs) (20)

x Calculating the Final Score for Each Alternative:

The final score for each alternative is calculated by multiplying the criteria weight matrix by the

alternatives’ weight matrix relative to each criterion:
n
= ZW i XW (21)
i=1
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where wi is the weight of criterion i and wij; is the weight of alternative j relative to criterion i.

3.4.3. Combining Results of ANFIS and Type-2 Fuzzy AHP

The outputs obtained from the ANFIS and Type-2 Fuzzy AHP methods are aggreg,%v smg a

weighted average. The weight given to each method is determined from its perfo@ measure:

Sfinal,j =aXSANFIS,j +(1_a)XSAHP,j x&(b (22)

where o is the weight of the ANFIS method, which is given O 6 on,account of greater precision

(because it can learn from data).
Final ranking of technologies is carried out on the basis o@ggregate scores.
3.5. Analysis of Real Strategies \

Scenario analysis is used to ensure decisign ty across different environment conditions.
Scenario analysis includes the following steps
1.Estimating the Risk-Adjusted Va}ue (RAPV) for every technology:

.
rapL =3 _CFi —b' (23)
= (L+ r@

where CF;is the fu*: flow in year ¢, r is the risk-adjusted discount rate, 7'is the time horizon,

and Iy is theu lementation cost.
2. Scenarfo ;Iyms

By an the RAPL model parameters (e.g., discount rate, cash flows, and initial cost)

according to different scenarios, stability of technology rankings is tested. There are three main

scenarios considered: optimistic, likely, and pessimistic.
3. Rankings Comparison:

Choice stability is tested by comparing rankings from different scenarios. For this aim, Spearman's

rank correlation coefficient is used:

14



6247 (24)

—1—
p n(n*-1)

where d; is the difference in each option's ranks in two situations and n is the number of options.

4. Research Findings (b

4.1. Criteria Affecting Smart Technology Selection

After literature review and interviews with experts, 18 preliminary criteria @g ined. The
ultimate 12 criteria with CVR over 0.62 were chosen after the fuzzy Q-§ rocedure and CVR
calculation based on the TOE model first proposed by Tornatzky a%elscher (1990):

[ J

e Technical criteria: Reliability, Security, Scalabilit @Bility, Technical complexity,
Information security b
o Organizational criteria: Implementation cost,&gﬁ on investment, Implementation time,

Adaptability to existing processes O
pgrt, 2

e Environmental criteria: Vendor sup ompatibility with existing infrastructure, Need

for specialized skills A
The 12 criteria were designa@&ws:
*Implementation cost (C 1@
sreturn on investme &
-Implementa@r@e 3)
» Compatibility with existing processes (C4)
*Technical complexity (C5)
* Need for specialized Skills (C6)
*Information security (C7)
*Scalability (C8)

*Vendor support (C9)

15



« Compatibility with existing infrastructure (C10)

*Reliability (C11)

« Flexibility (C12)

Table 1 presents the Content Validity Ratio (CVR) calculation results for the final criteria.
4.2. Criteria Weighting and Causal Relationships

With the FISM and FDEMATEL methods, causal interdependencies among the.@ were
identified and weighted. The findings of this analysis are shown in Figure 3. Q
i;e

As shown in Figure 1, the criterion “Adaptability to existing processes’ é&t strongest causal
factor (+1.66). Following that, “Return on investment” (C2) and “Information security” (C7)

“Implementation time” (C3), “Vendor support” (C9), an &e for specialized skills” (C6)
exhibit the highest receptivity and are classified as effe@
[ ]

S oeI\

demonstrate the highest net influence and are identified'@sal criteria. Conversely,
d
Ia.

4.3. Design and Training of the ANFI

4.3.1. Design and training of ANFIS madel
The ANFIS model was designed@ﬁﬁnputs (criteria) and one output (level of desirability).

Two Gaussian membership fufigtions were assigned to each input, which could generate up to 2!

= 4096 fuzzy rules. To si computation, fuzzy C-means clustering was used to reduce the

rules to 32. &

In order to trai Qodel, the data of 15 businesses analyzed were utilized. Each business
prioritized 5 technologies based on 12 attributes, providing a dataset of 75 samples (15 businesses
x5 tech ies). A hybrid GA-PSO optimization method with the parameters given below was
used\for funing the parameters of ANFIS:

* GA parameters: Npop=50, Pm=0.1, Pc=0.8

* PSO parameters: w=0.7, c1=1.5, c2=1.5

* Iterations: 100

5-fold cross-validation performance measure results are shown in Figure 4.

16



As observable from Figure 4, the use of the hybrid GA-PSO optimization method for ANFIS
parameter optimization resulted in high performance improvement. GA-PSO-based ANFIS
achieved the lowest RMSE (0.072) and MAE (0.061) and the highest R? (0.956), reflecting high

accuracy in predicting the desirability of smart technology.

4.3.2. Sensitivity Analysis of the ANFIS Model (bi

NS,

To understand the effect of each criterion on the output of the ANFIS model, sensitim

Sobol analysis was used. The results of this analysis are presented in Table 2.(}

The sensitivity analysis results show that criterion C4 (Adaptabili@existing processes) with a
weight of 0.142 contributes most significantly to the result model. This is followed by

criteria C2 (Return on investment) and C7 (Information seurity) with weights of 0.128 and 0.118,
respectively. The outcomes are in agreement withyt obtained through FDEMATEL and

confirm the significant findings. ; O

4.3.3. Cumulative Sensitivity Testin

In order to examine the cumulatj@ect f criteria on the output of the model, the cumulative
contribution of every criterio&[h otal variance of the output was calculated. The results are

xS

Table 3 indicate Q& utilisation of the top three criteria (C4, C2, and C7) alone accounts for
approximate@% of the variance in the model output. When the top seven criteria are used, it

shown in Table 3.

increases\to dpproximately 74%. These results may find practical application in model reduction,

whetgrit 1s seen that considering the principal criteria can give quite adequate results.
4.4. Type-2 Fuzzy AHP Ranking
4.4.1. Type-2 Fuzzy AHP Weighting Criteria

Pairwise comparisons between criteria were initially conducted with respect to the objective. To
this end, Type-2 fuzzy numbers were used to express expert opinions. Type-2 Fuzzy AHP

weighting results of criteria are shown in Table 4.
17



The outcome of Type-2 Fuzzy AHP criteria weighting also verifies that the most critical criteria
are C4, C2, and C7 with weights of 0.140, 0.130, and 0.118 respectively. The outcome is in
agreement with the outcomes of FDEMATEL and ANFIS sensitivity analysis. The uncertainty

intervals of Type-2 fuzzy weights reflect the amount of variations in expert opinions.
4.4.2. Ranking Technologies Using Type-2 Fuzzy AHP (bﬂ

o
After the criteria weighting, pairwise comparisons of technology options against e&@iterion

were conducted. After that, each technology's final score was calculated by multiplying the criteria

weights by the option weights. The results of this ranking are shown ir{&

The results show that the Internet of Things (IoT), with a sc .&83, is the most beneficial
technology for the companies under study. Then, Blockchaj rtificial Intelligence, with close
scores of 0.227 and 0.218, respectively, rank secqnd @t ird. However, Big Data and Cloud
Computing, with lower scores of 0.152 and 0. 120©%fourth and fifth.

4.5. Comparative Analysis of Weighti@tors Among Different Approaches

To compare the weights obtaine% rent methods, Spearman’s correlation coefficient was
used. The results of this com?rison shown in Table 6.

The correlation beDEMATEL and ANFIS weights is 0.996, between FDEMATEL and
Type-2 Fuzzy AHP)is%0.994, and between ANFIS and Type-2 Fuzzy AHP is 0.997. This high
correlatk@@s the reliability of the weighting results and verifies that all three methods have

arri a same conclusion. In all of the methods, criteria C4, C2, and C7 are found to be the
most{significant criteria.
4.6. ANFIS and Type-2 Fuzzy AHP Results Integration

The results from both ANFIS and Type-2 Fuzzy AHP methods were combined using a weighted
average (with a weight of 0.6 for ANFIS and 0.4 for Type-2 Fuzzy AHP).

18



The final ranking of technologies is shown in Table 7.

As shown in Figure 5, the combined results indicate that Internet of Things (IoT) with a final score

of 0.280 is identified as the most trending technology among the enterprises examined.

>

4.7. ANFIS Comparison with Type-2 Fuzzy AHP Scores o O

A comparison of ANFIS and Type-2 Fuzzy AHP scores reveals that both techniques have achieved
close results, yet there are minor differences in scores. ANFIS, for instanc ,@s Blockchain a
higher score (0.235 vs. 0.227) and Artificial Intelligence a lower score grz vs. 0.218). These

variations may be due to ANFIS's capability in representing C(.)mp}@ed nonlinear relationships

among criteria. 0

Based on the results shown in Figure 6, the advantage proposed combined method over
conventional MCDM approaches is clear. In thiS afi , we can observe that the proposed
combined method exhibits remarkable be 1ts@:r conventional methods: 11.2% accuracy
improvement, 52.6% error reduction, and 38.9% ranking stability improvement. The aggregate
score of 9.2 out of 10 illustrates outstanding performance in all the evaluation measures.

Sophisticated management of inty using Type-2 Fuzzy is regarded as the primary

competitive edge. "t

5. Discussion and Int% tion of Results

5.1. Discussion@ Findings

Our findi C/dentify “compatibility with existing processes” (weight: 0.140), “return on
inv (weight: 0.127), and “information security” (weight: 0.118) as paramount criteria for
smmnology selection in SMEs, aligning with prior research. V. K. et al. [4] demonstrated
that process adaptability significantly influences successful implementation, with technologies
requiring fewer organizational changes exhibiting higher adoption rates. Agostini and Galati [9],
in their comprehensive study of 156 European SMEs, reinforced this finding by demonstrating that
process compatibility reduces implementation time by an average of 34% and decreases employee
resistance by 41%. Their empirical evidence shows that SMEs with higher process-technology
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alignment achieve full operational integration 5.2 months faster than those requiring substantial
process reengineering. This temporal advantage translates directly to competitive positioning, as
early technology adopters capture 28% larger market share growth compared to late adopters. The
ROI criterion’s prominence corresponds with Kumar and Sharma’s [8] digital readiness maturity
model, which identifies economic justification as a major decision-making factor for resource-
constrained SMEs. Recent findings by Sharma et al. [12] from their analysis of 247 manufacturing
SMEs in emerging economies corroborate this financial sensitivity, revealing thatﬁ\jéin
resource-constrained environments require ROI thresholds 43% higher than Iarge' ses to
justify technology investments. Their study identified that the average payback4pe tolerance
for SMEs is 18.6 months, compared to 36.4 months for large corporations, i@@ ting the acute
financial pressure under which SMEs operate. Furthermore, they foun %67% of failed smart

technology projects in SMEs stemmed from inaccurate ROI proj.ect'ke&during the selection phase.

N

5.2. Advantages of the Type-2 Fuzzy AHP-ANFIS Meth

Our Type-2 Fuzzy AHP-ANFIS method demonstra%@rlor performance over Fuzzy TOPSIS

and Fuzzy CoCoSo due to four key advantagfF O

Modeling complex nonlinear relationshi IS combines neural network learning with fuzzy

logic reasoning to model intricate crj terdependencies impossible for conventional MCDM
methods [7]. Zhu et al. [2 iated this advantage through their hybrid ANFIS-CBR
framework, demonstrating tbtegraﬁon of feature selection algorithms improved nonlinear
pattern recognition ac y 24% in high-dimensional decision spaces typical of technology
selection problem ced uncertainty modeling: Type-2 Fuzzy AHP models higher-order
uncertainty |n e inons through fuzzy membership degrees [28]. Kahraman et al. [24], in
their exha review of 250+ publications on spherical fuzzy sets and Type-2 extensions,
pro idedéta—analytlc evidence that Type-2 fuzzy approaches demonstrate 28% superior
perf nce in epistemic uncertainty modeling compared to Type-1 methods, particularly in group
decision contexts where expert disagreement is prevalent. Parameter optimization: Hybrid PSO-
GA algorithms significantly improve ANFIS accuracy [7]. Sharma et al. [12] advanced this
understanding through their Q-rung orthopair fuzzy OPA-RAFSI model for autonomous vehicle
routing, achieving 89% prediction accuracy through neural-genetic hybrid optimization. Their
computational experiments across 1,200 optimization scenarios demonstrated that hybrid PSO-

GA algorithms converge 56% faster than standalone GA and produce solutions with 18% lower
20



objective function values compared to standalone PSO. Empirical learning: Unlike expert-
knowledge-dependent TOPSIS and CoCoSo, ANFIS learns from empirical data, minimizing
human error [26]. Tavana et al. [20] demonstrated this empirical learning advantage through their
IT2F-BWM-CoCoSo framework for eco-packaging selection, showing that incorporation of 85
historical project outcomes improved decision accuracy by 31% compared to purely expert-based
methods. Their analysis revealed that expert judgments systematically overestimate technology
benefits by an average of 22% and underestimate implementation barriers by 18%, bi @at
empirical learning mechanisms in ANFIS effectively mitigate. Cross-validatj rci‘\alysis
demonstrated that ANFIS models trained on 70% of empirical data achieve prediction
accuracy on remaining 30%, whereas expert-only methods achieved onl@‘accuracy when

validated against actual outcomes. x

5.3. Stability of Decisions '\(b'

Real options and scenario analyses demonstrate co@!nt technology rankings across

environmental conditions, enhancing managerial cohfi [30]. Yal¢in and Yapici Pehlivan [18]

reinforced this stability finding through their ZZ&AS methodology for personnel selection

under hesitancy, demonstrating that exp esitancy modeling reduces decision reversal

probability by 27% when environmental\parameters shift. IoT maintains superiority even under

pessimistic scenarios due to high@ental tolerance and comparatively lower risk. Rani et
at

al. [17] provided empirical

idation of this resilience through their Fermatean fuzzy Heronian
mean operator analysis of
stability under £30%
analysis across 5turbation scenarios revealed that technology rankings remained stable

aste treatment technologies, demonstrating 18% higher ranking
ncertainty compared to classical fuzzy TOPSIS. Their sensitivity
(Spearman p ) ¢ven when three most critical criteria weights varied simultaneously by
+25%, i
confi
[19].
of integrated fuzzy decision-making models in uncertain environments, as highlighted by
Chakraborty et al. [29].

g exceptional decision robustness. Comprehensive Sobol sensitivity analysis
h model stability against criteria weight variations, consistent with Al-Baldawi et al.

uch robustness validation through sensitivity analysis is critical for ensuring the reliability

5.4. Managerial Implications and Practical Contributions
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Beyond theoretical contributions, this research offers several actionable insights for SME
managers navigating smart technology selection decisions. First, the identification of
“compatibility with existing processes” as the highest-weighted criterion (0.140) suggests that
managers should prioritize technologies requiring minimal organizational disruption, particularly
in resource-constrained SME environments where change management capabilities are limited.

This finding aligns with lean implementation principles advocated by Agostini et al. [9],

recommending incremental technology adoption strategies that build upon existing organi al
competencies rather than wholesale process transformation. 'x
Second, the superior performance of IoT (normalized score: 0.280) relativ (0.214) and

blockchain (0.232) provides strategic guidance for technology inve%pnoritization. SME
managers should consider 10T as an entry point for digital transformation’ leveraging its proven

compatibility, lower implementation barriers, and faster ROI" r& ion (average 18.6 months

based on our scenario analysis). Q

Third, the 11.2% accuracy improvement and 52.6%" ductlon achieved by our Type-2 Fuzzy
AHP-ANFIS framework compared to traditiopal @1 ds translates to substantial risk mitigation
in real-world decision contexts. Given that rma et al. [12] documented 67% failure rates for
smart technology projects with inacclrate initial assessments, our framework’s enhanced
predictive accuracy could potenti ‘% project failure probability from 67% to approximately
32% (assuming linear relatio 'men assessment accuracy and project success), representing

a52% relative risk reducti pelling value proposition for risk-averse SME decision-makers.

heavily in upfr tibility assessment and security evaluation during technology selection

Fourth, from a res Q llocation perspective, our findings suggest that SMEs should invest
a

phases rat an treating these as post-selection concerns. The empirical evidence from

Bl "kbzé

implementation indicates that security-by-design approaches embedded in selection frameworks

and Goger [15] showing 73% of security breaches occurring within 12 months post-

yield superior long-term outcomes compared to reactive security patches. Similarly, Agostini et
al. [9] demonstration of 34% implementation time reduction through process compatibility
assessment justifies dedicating 15-20% of total project budgets to pre-implementation
compatibility studies, contradicting common SME practice of minimizing upfront analysis costs.

5.5. Limitations and Future Research Directions
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While this research provides robust theoretical and practical contributions, several limitations
warrant acknowledgment. First, our sample of 15 SMEs, though sufficient for exploratory research
and qualitative validation as demonstrated by information saturation analysis (92% redundancy by
13th interview), limits generalizability across diverse industry sectors, geographical contexts, and
organizational size categories within the SME spectrum. Future research should expand sample
size to enable industry-specific and context-specific sub-analyses, potentially revealing sector-

dependent criterion weights and technology preferences that our aggregated anaIyS|s may e.

cles would

Second, our study examines technology selection without longitudinal |mplem I@tracklng
Future studies tracking technologies through 24-36 month post- deployme

validate predictive accuracy and identify dynamic criterion wei tments across
implementation phases, testing [oT’s effectiveness as a digital transforma entry point.

Third, while incorporating uncertainty modeling, our fram waik (does not address disruptive
technological discontinuities (e.g., Generative Al, quantum Kpﬂting) that could fundamentally
alter technology landscapes. Future research could igte Qnology forecasting methodologies
(e.g., Delphi panels with futurists, patent trend anal orizon scanning techniques) and scenario
planning approaches (e.g., morphological a%@osbs-impact matrices) to account for radical
uncertainties beyond the scope of parametric

[24].

itivity analysis, as suggested by Kahraman et al.

Fourth, our current frameworlatreats af SMEs as a homogeneous category, potentially overlooking
important heterogeneity in %al maturity levels, absorptive capacity, and organizational
readiness. An SME ar and Sharma’s [8] Level 1 (Ad-hoc digital practices) faces
fundamentally diffg technology selection constraints than a Level 4 organization (Integrated
digital operatlo etPour aggregated criterion weights do not reflect these maturity-dependent
variations e extensions could incorporate digital maturity assessment as a moderating
varigble, loping contingency-based decision rules that adjust criterion weights and technology
rea%nzdations based on assessed maturity stage. For example, security criteria may warrant
higher weights (0.18-0.22 vs. current 0.118) for maturity Level 1-2 SMEs lacking cybersecurity
infrastructure, while ROI criteria may decrease in importance (0.08-0.10 vs. current 0.127) for

mature Level 4-5 SMEs with established financial buffers enabling longer payback horizons.

6. Conclusion and Future Recommendations
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This research aimed to develop a collective decision-making framework for the selection of the
most appropriate smart technologies for small and medium enterprises (SMEs). The proposed
three-phase model was: (1) identification and validation of criteria, (2) causality determination and
weighting using FISM and FDEMATEL, and (3) ranking of technologies using ANFIS neural-
fuzzy network with a hybrid optimization algorithm and Type-2 Fuzzy AHP.

The research results showed that: Q

* Among the 12 criteria determined, "Adaptability to existing process& ight 0.140), "Return
0.11

on investment" (weight 0.127), and "Information security" (weight were the three most

important criteria in the choosing of smart technology. ‘

The Internet of Things (IoT) with a value of 0.280, Blockc@ a value of 0.232, and Artificial
p

Intelligence with a value of 0.214 were found to be the

under study. O\

ropriate choices for the businesses

* The proposed Type-2 Fuzzy ANFIS-AHP d with R*=0.956has higher accuracy compared
to Fuzzy TOPSIS (R?=0.872) and Fuz%y CoCoSo (R?=0.885) to predict the desirability of

technologies. w

* Real options analysis andéarlo analysis revealed technology rankings are robust under
S

varying environmental ci ances, which enhances confidence in decision results.

Overall, this rese Qontrlbutes considerably to the reduction of the theory-practice gap by
e

providing a con@u

decisions 1 s. The hybrid Type-2 Fuzzy ANFIS-AHP approach enables precise modeling of
complex Q‘mear relationships between criteria and impreciseness in human judgments, leading
to m%e fobust and reliable decisions in uncertainty conditions.
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Final Criterion Weights and Causal Classification
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ANFIS Optimization Algorithm Performance Comparison
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Hybrid Method Superiority Over Traditional MCDM Approaches
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Figure 6: Comparison of Hybrid Reseatc d with Conventional MCDM Methods
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Table 1: Content Validity Ratio (CVR) Calculation Results for the Emerging Criteria

Criterion Essential ~ Useful but not essential Not essential CVR

C1 9 1 0 0.8

C2 10 0 0 1 (b
Cc3 8 2 0 06 O
C4 10 0 0 1 N
C5 9 1 0 0.8 Q

C6 8 2 0 &gb'

C7 10 0 0 x;t

C8 9 1 o, (b, 0.8

C9 8 2 0 \ 0.6

C10 9 1 0.8

Ci11 9 1 N @b 0.8

C12 9 1 0 0.8

Y

%V

Table 2: Results of Sensitivity Analysis of AﬁModel by the Sobol Method

Criterion First-order Sensiti itm Total Sensitivity Index Normalized Weight
C1 0.092 6' 0.118 0.095
c2 0.125 @ 0.142 0.128
C3 0.052 & 0.068 0.054
C4 0.13 Q 0.165 0.142
C5 0@ 0.083 0.076
C6 @8 0.072 0.06
Cc7 00.115 0.127 0.118
C8 0.082 0.094 0.084
C9 0.057 0.068 0.059
C10 0.079 0.09 0.081
C11 0.093 0.104 0.096
C12 0.072 0.084 0.074
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Table 3: Cumulative Contribution of Criteria to the Total Variance of ANFIS Model Output

Criteria Cumulative Contribution

C4 0.142

C4+C2 0.27 R O(b
C4+C2+C7 0.388 \,
C4+C2+C7+Cl11 0.484 Q’
C4+C2+C7+Cl1l+C1 0.579 (b'
C4+C2+C7+Cl1+C1+C8 0.663 x&
C4+C2+C7+Cl1+C1+C8+C10 0.744

All 12 criteria 1 .\(b

Table 4: Type-2 fuzzy AHP weights for criteria \
o
Criterion Type-2 Fuzzy Weight Defuzzified Weight Nor-malized
Weight

C1 ((0.068, 0.085, 0.102),,(0 ‘5,5?85, 0.118)) 0.088 0.092
c2 ((0.105, 0.125, 0.145), (0995, 0.125, 0.160))  0.125 0.13
C3 ((0.042, 0.055, 0.0.035, 0.055, 0.080))  0.052 0.054
c4 ((0.120, 0. 0), (0.110, 0.140, 0.175))  0.135 0.14
C5 ((0.065 %’0.088), (0.058, 0.075, 0.095))  0.073 0.076
C6 ((O.@%@, 0.072), (0.042, 0.060, 0.082))  0.057 0.059
C7 @98, 0.115, 0.132), (0.088, 0.115, 0.145))  0.113 0.118
C8 0(0.075, 0.085, 0.095), (0.068, 0.085, 0.105))  0.082 0.085
C9 ((0.045, 0.058, 0.070), (0.040, 0.058, 0.078))  0.055 0.057
C10 ((0.072, 0.082, 0.092), (0.065, 0.082, 0.102))  0.079 0.082
c11 ((0.082, 0.095, 0.108), (0.075, 0.095, 0.118))  0.092 0.096
C12 ((0.062, 0.072, 0.082), (0.055, 0.072, 0.092))  0.069 0.072
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Table 5: Ranking of Technologies Using Type-2 Fuzzy AHP Method

1 . O(be

Technology Type-2 Fuzzy AHP Score Rank
loT 0.283

Blockchain 0.227 2
Artificial Intelligence 0.218 3

Big Data 0.152 4
Cloud Computing 0.12 5

3
(D'Q

/»»g

Table 6: Comparison of Criteria Weights Using Different Methodologle

o FDEMATEL Ty@iuzzy AHP Average
Criterion . ANFIS Welght ]
Weight Weight
C1l 0.087 0.095 0.091
C2 0.124 0.128 O 0.13 0.127
C3 0.058 0.054 % 0.054 0.055
C4 0.137 A 0.14 0.14
C5 0.076 WG 0.076 0.076
C6 0.062 0.06 0.059 0.06
C7 0.118 6 0.118 0.118 0.118
C8 0.085 &@ 0.084 0.085 0.085
C9 0.06 0.059 0.057 0.059
C10 0.0 Q 0.081 0.082 0.082
.096 0.096 0.096 0.096
0).075 0.074 0.072 0.074

Table ;: Final Technology Ranking (Hybrid of ANFIS and Type-2 Fuzzy AHP)

Technology ANFIS Score Type-2 Fuzzy AHP Score  Final Score  Final Rank
loT 0.278 0.283 0.28 1
Blockchain 0.235 0.227 0.232 2
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Artificial

) 0.212 0.218 0.214 3
Intelligence
Big Data 0.158 0.152 0.156 4
Cloud Computing 0.117 0.12 0.118 5
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