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Abstract

Evaluating barriers in complex decision contexts requires analyzing causal interdependencies. The integration of the Best-Worst
Method (BWM), Decision-Making Trial and Evaluation Laboratory (DEMATEL), and Interpretive Structural Modeling (ISM)
provides alogically complete paradigm. Yetits reliability is persistently compromised by subjective or statistically flawed threshold
determinations used to construct the ISM hierarchy. To address this gap, this study proposes the SI-BDI framework, which
mathematically embeds BWM weights to establish a weighted causal network, and couples Swarm Intelligence (SI) metaheuristics
with a newly formulated, parameter-free Causal Structure Index (CSI) that jointly maximizes causal clarity and structural depth.
Applied to organic rice farming barriers in Vietnam’s Mekong Delta, three independent SI metaheuristics converge to an identical
optimal threshold of 0.156, correspondingto a CSI of 0.852. This optimal threshold yields a four-level hierarchy that exhibits
exceptional robustness under both leave-one-outand leave-two-out expert exclusions. Furthermore, as evaluatedusing the proposed
Industrial Adaptability-Structural Stability Reliability (IA-SSR) composite metric, the framework demonstrates superior structural
resilience under Monte Carlo weight perturbations of up to 10% compared with conventional mean -plus-standard-deviation and
Maximum Mean De-Entropy (MMDE) benchmarks. Practically, the framework reveals that institutional deficiencies, specifically
the Inadequate Support Policy Framework as the singular Level-4 root cause, propagate through fragmented zoning and absent
enterprise leadership to manifest as weak market control. Crucially, the optimal threshold structurally decouples consumer demand
from these upstream policy drivers, providing Multi-Criteria Decision-Making-derived empirical grounding for re-sequencing
institutional reforms while concurrently deploying independent demand-side interventions.

Keywords- BWM-DEMATEL-ISM, Causal structure index, Organic rice farming, Swarm intelligence, Threshold optimization.

1. Introduction

Barriers to decision-making are broadly understood as obstacles that hinder the rational, timely decision-
making process and often undermine strategic goals (Gkrimpizi et al., 2023; Mahroum, 2015). Merely
identifying the existence of such obstacles is insufficient for meaningful intervention. To effectively
mitigate their impact, it is critical to analyze their deeper structural characteristics, specifically the weights
of the criteria, their causal interrelationships, hierarchical influence, and root causes. Multi-Criteria
Decision Making (MCDM) is explicitly designed for such complex structural evaluations. Within this
domain, the integration of the Best-Worst Method (BWM), Decision Making Trial and Evaluation
Laboratory (DEMATEL), and Interpretive Structural Modeling (ISM) has emerged as a robust paradigm
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(hereafter, the BWM-DEMATEL-ISM or BDI approach). BWM efficiently derives criterion weights;
DEMATEL captures causal interdependencies; and ISM constructs a clear hierarchical structure (Hien et
al., 2024; Qian and Wang, 2023; Sheykhan et al., 2024).

Despite its logical completeness, a persistent methodological challenge in the integrated BWM-
DEMATEL-ISM approach is determining the threshold value () used to dichotomize the DEMATEL total-
relation matrix 7 (hereafter the 7-matrix) into the binary reachability matrix M that ISM requires as its
input. A critical review of recent literature (2018-2025) reveals that current integrations are often
fragmented, sequential, or highly sensitive to subjective thresholding. Many studies treat BWM and
DEMATEL as separate modules, failing to mathematically embed priority weights into the causal matrix
(Agrawal et al., 2025; Chirra and Raut, 2025; Choudhary et al., 2020; Dhingra et al., 2025; Kavre et al.,
2024; Kumar et al., 2023; Li and Fei, 2025; Moktadir et al., 2020), or they evaluate ISM and DEMATEL
sequentially without robust linkage (Ahmad et al., 2024; Chi et al., 2025; He et al., 2025; Kumar and Dixit,
2018; Wang et al., 2024). Furthermore, when constructing the ISM hierarchy, threshold determination
frequently relies on arbitrary expert judgment (Ou et al., 2022; Wang et al., 2024) or rigid statistical
measures such as Mean + SD (Algahtani and Makki, 2023; Ebrahimi et al., 2024; Meng et al., 2022; Shi et
al., 2024) and Maximum Mean De-Entropy (Chen, 2021; Ojha et al., 2024; Singh and Bhanot, 2019; Zhang
et al., 2026; Zheng et al., 2023). Synthesizing these limitations, the BWM-DEMATEL-ISM literature
exhibits three specific research gaps that motivate the present study:(i) the absence of a parameter-free
objective function for continuous threshold optimization at the DEMATEL-ISM bridge; (ii) the
mathematical incompatibility between the embedding of BWM priority weights into the DEMATEL 7-
matrix and traditional entropy-based threshold selection methods; and (iii) the absence of resilience-based
validation protocols that benchmark threshold-selection methods against both expert-panel uncertainty and
weight perturbations. These conventional methods can yield overly dense or sparse networks, thereby
distorting the structural clarity of the causal system and compromising the framework’s objectivity (Chen
et al., 2022).

To overcome this methodological bottleneck, this study proposes an optimized threshold selection approach
by introducing the Swarm Intelligence-driven BWM-DEMATEL-ISM (SI-BDI) framework. In
computational mathematics, metaheuristics are advanced optimization algorithms explicitly designed to
efficiently resolve complex, non-convex problems with infinite search spaces where traditional exact
methods fail. Leveraging this capability, SI is integrated into this framework to autonomously navigate the
continuous threshold search space and pinpoint the optimal value, thereby eliminating the reliance on
subjective human judgment or rigid statistical assumptions. To guide this algorithmic optimization, anovel
objective function, the Causal Structure Index (CSI), is formulated to systematically evaluate the fitness of
each candidate threshold. Unlike conventional metrics such as Maximum Mean De-Entropy (MMDE) or
Mean + SD, which rely on rigid statistical or entropy-based properties, the CSI operates on a fundamentally
different mathematical logic. It dynamically balances causal clarity (maximizing net influence) with
structural simplicity (managing the number of retained relationships) to identify the global optimum.
Because the threshold a is a continuous variable on [0, max (T)] and the resulting CSI landscape is non-
convex with multiple local optima generated by step changes in the binary reachability matrix M,
conventional discrete grid-search approaches are fundamentally constrained by their predefined step sizes;
this structural property motivates the use of population-based SI metaheuristics specifically designed for
continuous optimization in non-smooth landscapes. Rather than relying on a single predefined algorithm,
this study benchmarks four heterogeneous SI metaheuristics, including Secretary Bird (SB), Particle Swarm
Optimization (PSO), Artificial Bee Colony (ABC), and Ant Colony Optimization (ACO), to automate
threshold discovery, with cross-algorithm consensus on the global optimum providing empirical evidence
of the CSI’s well-posedness.
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To validate the proposed framework, this research applies it to a highly complex and fragmented real-world
system: the adoption of organic rice farming in Vietnam’s Mekong Delta. Vietnam is the world’s third-
largest rice exporter, with the Mekong Delta accounting for approximately 50% of national rice output and
over 90% of rice exports (Dao et al., 2020). However, decades of conventional intensive cultivation have
degraded soil quality, increased methane emissions, and compromised the long-term sustainability of this
strategically critical sector. Organic rice transition offers a pathway to environmental restoration and access
to high-value export markets. However, adoption remains below 2% of cultivated area despite sustained
policy support since 2018, indicating that supply-side promotion strategies have failed to address the
underlying structural barriers (Dinh et al., 2023). Despite extensive literature on Vietnamese rice production,
comprehensive structural causal analyses that apply integrated MCDM methodologies to organic rice
barriers remain limited.

2. Literature Review

2.1 Theoretical Foundations of the Integrated BWM-DEMATEL-ISM Paradigm

Evaluating complex decision-making barriers requires analyzing deeply embedded causal
interdependencies rather than merely identifying isolated factors. To achieve this, integrating the BWM,
DEMATEL, and ISM provides a logically complete paradigm. The foundation of this integration relies on
three distinct yet complementary methodologies. First, BWM, originally proposed by Rezaei (2015), is a
robust technique designed to derive the relative importance weights of criteria (Rezaei, 2015). BWM
distinguishes itself from traditional pairwise comparison methods, such as AHP, by employing a structured
vector-based comparison that significantly reduces data requirements and enhances consistency (Rezaei,
2015). Second, the DEMATEL method, originally developed by Gabus and Fontela (1972) at the Battelle
Memorial Institute, is a sophisticated structural modeling technique for visualizing complex causal
relationships (Gabus and Fontela, 1972; Quayson et al., 2024). Unlike traditional methods that assume
independence among criteria, DEMATEL explicitly accounts for interdependencies by using matrix
operations to classify factors into cause-effect groups (Quayson et al., 2024). Third, ISM, first proposed by
Warfield (1974), is an interactive learning process that transforms vaguely articulated mental models into
well-defined hierarchical structural models (Warfield, 1974). While the theoretical synergy of these three
methods is evident, BWM provides strategic priority weights, DEMATEL captures causal intensity, and
ISM maps the hierarchy. Recent literature reveals a critical lack of deep mathematical engagement in their
integration. Existing studies often adopt fragmented or sequential workflows (Qian and Wang, 2023;
Sheykhan et al., 2024). For instance, fragmented integrations frequently operate BWM independently from
the structural insights of DEMATEL, meaning the derived weights do not mathematically influence the
causal network (Agrawal et al., 2025; Chirra and Raut, 2025; Choudhary et al., 2020; Dhingraet al., 2025;
Kavre et al., 2024; Li and Fei, 2025; Moktadir et al., 2020). Similarly, sequential ISM-DEMATEL
workflows often fail to mathematically link the ISM binary reachability matrix to DEMATEL’s influence
intensity (Ahmad et al., 2024; Chi et al., 2025; He et al., 2025; Kumar and Dixit, 2018; Wang et al., 2024).

Table 1 summarizes the comparative taxonomy of dominant MCDM methods, highlighting their strengths,
drawbacks, and methodological constraints in barrier evaluation.
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Table 1. Comparative taxonomy of dominant MCDM methods in barrier evaluation.

Method

Type

Strength

Drawbacks

Combinations

AHP

Pairwise
comparison

- Assess the importance of the
problem (Khasawneh and
Dweiri, 2024;
Kustiyahningsih et al.,, 2021;
Munier and Hontoria, 2021).
- Prioritize/Rank  barriers
(Agarwal et al, 2022
Batwara etal., 2024; Cao and
Solangi, 2023; Das et al,
2023; Lalita et al, 2025;
Nigam et al.,, 2023; Pandey et
al., 2025; Percin, 2023; Uddin
et al, 2019; Xue et al., 2024;
Zhao etal, 2024).

- Not showing the relationship of
barriers. The AHP is impracticalfor
complex scenarios because it was
not designed to address complexity
(Munier and Hontoria, 2021). In
complex problems, factors often
have interdependencies or complex
interactions that a hierarchical
structure cannot accurately describe
(Munier and Hontoria, 2021). AHP
assumes that factorsare independent
of each other. However, in complex
problems, factors rarely operate
independently; they often have
interconnected relationships and
influence one another (Taherdoost
and Madanchian, 2023).

- Ranking-focused integrations: AHP
is primarily combined with distance-
based methods to derive weights for
alternative ranking, ignoring causal
network analysis: AHP-TOPSIS:
AHP for Weights, TOPSIS for
Ranking (Khasawneh and Dweiri,
2024; Kustiyahningsih et al, 2021;
Solangi et al,, 2021).

- Applying AHP and DEMATEL in
parallel (Das etal., 2021; Singh et al.,
2025).

BWM

Pairwise
comparison

- New method for
prioritizing/Ranking barriers
(Gholipoor, 2021; Gupta and
Barua, 2018; Kumar et al.,
2023; Madaan et al., 2023;
Mahdiyaret al.,, 2020; Malk
and Desali, 2019;
Mohammadpour et al., 2024;
Mostafaeipour et al., 2021;
Shahedi et al., 2023; Shahin
etal,2024; Wei etal., 2023).

- BWM is like AHP in thatboth rely
on pairwise comparisons and
typically work with the opinions of a
Single person or a unified group.
Like AHP, BWM lacks a direct
mechanism to combine evaluations
from multiple decision-makers.
Using arithmetic or geometric mean
to aggregate opinions can lead to
information loss (Mohammadi and
Rezaei, 2020).

- Ranking-focused integrations:
BWM is typically combined with
distance-based oroutranking methods
purely for prioritization without
causal structural analysis:
BWM-FTOPSIS (Gholipoor, 2021;
Gupta and Barua, 2018)
BWM & IR-MABAC (Shahediet al,,
2023); IT2F-PROMETHE 1II (Wei et
al, 2023).

- Fragmented BWM-DEMATEL:
BWM weights operate independently
as a separate module and do not
mathematically influence the
DEMATEL causal (Agrawal et al,
2025; Chirra and Raut, 2025
Choudhary etal,2020; Dhingra etal.,
2025; Kavre et al., 2024; Li and Fei,
2025; Moktadir et al., 2020).

TOP-SIS

Distance
based

- Prioritize/Rank  barriers.
TOPSIS then ranks the
barriers based on the criteria's
weights (e.g., determined by
AHP, ANP, or BWM).
(Gholipoor, 2021; Gupta and
Barua, 2018; Lalita et al.,
2025; Nguyen et al., 2024).

- TOPSIS primarily focuses on the
disparity (distances) of the plans
(alternatives) from the ideal and
anti-ideal solutions (Song and Tong,
2022).

- The traditional TOPSIS method is
its reliance on crisp (precise)
numerical data, which often fails to
account for the inherent uncertainty
and ambiguity present in real-world
information (Pandey et al., 2025).

- TOPSIS relies entirely on
exogenous weights (e.g., from AHP,
ANP, or BWM) to rank barriers based
on geometric distances, offering zero
insights into the causal mechanisms
or hierarchicaltransmission structures
amongthem: AHP-TOPSIS: AHP for
Weights, TOPSIS for Ranking
(Khasawneh and Dweiri, 2024;
Kustiyahningsih et al, 2021; Solangi
etal, 2021).

Others: ANP-TOPSIS (Nguyen et al.,
2024), BWM-TOPSIS (Gholipoor,
2021; Gupta and Barua, 2018).

ISM

Hierarchy

- Interrelationships between

the barriers (root cause
barriers through the
hierarchical structure)

(Chanchaichujit et al., 2024;
Dixit et al., 2024; Jena and
Dwivedi, 2021; Lalita et al.,
2025; Narkhede et al., 2020;
Rautand Gardas,2018; Singh
and Bhanot, 2019; Wu et al.,
2022).

- ISM does not distinguish between
the level of influence (strong or
weak), because it only uses 0 and 1
(Chen, 2021).

- Sequential ISM-DEMATEL:
Independent workflows that fail to
mathematically link the ISM binary
reachability matrix to DEMATEL’s
influence intensity, often utilizing
separated  calculation = modules
(Ahmadet al.,, 2024; Chiet al., 2025;
He et al, 2025; Jena and Dwivedi,
2021; Kumar and Dixit, 2018; Lalita
et al, 2025; Narkhede et al., 2020;
Raut and Gardas, 2018; Wu et al,,
2022).
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Table 1 continued...

- Interrelationships between
the barriers (degree of
influence between factors)
(Dixit et al., 2024; Jena and
Dwivedi, 2021; Khan et al,,

- DEMATEL outputs a continuous
total-relation matrix; integrating
with ISM requires choosing a

- Filters the DEMATEL matrix to
generate the ISM structure, but
critically relies on subjective expert
opinions, rigid statistical filters (Mean
+ SD), or mathematically distorted
entropy-based methods (MMDE):

DEM-ATEL g’;‘;sg' 2018; Kumar et al, 2023; | threshold o to binarize T, but no | DEMATEL-ISM  (Algahtani and
Narkhede et al, 2020; | scientific method for this | Makki, 2023; Chen, 2021; Meng et
Nguyen etal.,, 2024; Nigam et | binarization is provided (Chen, | al,2022;Ojha etal., 2024;0u et al,,
al., 2023; Quayson et al, [ 2021). 2022; Shi et al, 2024; Singh and

2024; Singh and Bhanot,
2019; Wu et al, 2022).

Bhanot, 2019; Trivedi et al.,, 2021;
Yadavetal,2022; Zhangetal., 2026;

Zhengetal., 2023).

2.2 Critical Review of Threshold Optimization Methods in DEMATEL

The most severe methodological bottleneck in the DEMATEL-ISM bridge is the determination of the
threshold value (@) used to dichotomize the continuous T-matrix into the binary reachability matrix M
required by ISM (Chen et al., 2022). This filtering directly dictates the structure of the final ISM hierarchy.
A critical review of existing literature reveals three dominant yet flawed, approaches to threshold
determination:

- Subjective Expert Opinion: Historically, the threshold has been set arbitrarily based on expert
consensus. This subjectivity compromises the framework’s objectivity, leading to inconsistent causal
networks and unstable hierarchical structures (Ou et al., 2022).

- Density-Based/Statistical Methods (Mean + SD): To introduce objectivity, many studies rely on
statistical density measures, predominantly the Mean plus Standard Deviation (Mean + SD) approach
(Algahtani and Makki, 2023; Ebrahimi et al., 2024; Menget al., 2022; Shiet al., 2024). However, these
are rigid statistical filters. They blindly evaluate the matrix’s numerical distribution, neglecting the
network's structural integrity, often yielding overly sparse matrices that discard critical secondary
interdependencies.

- Entropy-Based Methods: The Maximum Mean De-Entropy (MMDE) algorithm represents a significant
improvement by framing threshold selection as an entropy minimization problem (Chen, 2021; Ojhaet
al., 2024; Singh and Bhanot, 2019; Zhang et al., 2026; Zhenget al., 2023). Theoretically, maximizing
MMDE results in a network with concentrated influence, thereby reducing structural noise (Li and
Tzeng, 2009).

- However, a critical vulnerability emerges when BWM priority weights are mathematically integrated
into the DEMATEL matrix. Multiplying fractional weights significantly reduces the absolute values of
the influence coefficients. In this weighted-causality environment, the probability distribution changes
fundamentally, distorting entropy-based algorithms such as MMDE. Consequently, they lose their
discriminative power, fail to filter stochastic noise, and leave the causal network saturated.

2.3 Positioning the Causal Structure Index (CSI) within the Literature

The failure of subjective, density-based, and entropy-based thresholding methods in a fully integrated,
weighted BWM-DEMATEL-ISM environment exposes a critical research gap. Existing methods treat the
threshold determination as either a discrete statistical calculation or a subjective assumption. Identifying
the optimal threshold a is a continuous optimization problem that balances network clarity with structural
complexity (Fu et al., 2024; Sanjalawe et al., 2025).
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To fill this gap, this study introduces the Causal Structure Index (CSI). Unlike conventional metrics that
rely on rigid mathematical distributions (e.g., MMDE or Mean + SD), the CSI is explicitly designed as an
objective function for metaheuristic algorithmic optimization. The CSI operates on a distinctly different
mathematical logic: it evaluates the fitness of a candidate threshold by dynamically balancing the
maximization of net causal influence (the clarity of the cause-effect separation) with the minimization of
retained relationships (to prevent network saturation).

Because navigating the infinite search space of a continuous variable (a) is computationally intensive, the
CSI is positioned to be optimized via SI metaheuristics, which have been proven highly effective for
continuous variable optimization in MCDM contexts (Akbari and Henteh, 2019; Rishabh and Das, 2024;
Wang et al., 2021). Specifically, this framework benchmarks four heterogeneous SI metaheuristics: SB,
PSO, ABC, and ACO to assess cross-algorithm consensus on the CSI global optimum, with consensus
serving as empirical evidence of the objective’s well-posedness rather than positioning any single algorithm
as superior. The recently proposed SB (Fu et al., 2024), with its two-stage hunt-escape architecture
combining Lévy-flight exploration and exponential-stomping exploitation, is included among the four
candidate optimizers due to its demonstrated performance on continuous, non-convex objectives.

3. Method

3.1 Research Framework

The conceptual framework outlined in this study (Figure 1) provides a structured approach to evaluating
barriers by transitioning from expert inputs to actionable outputs through well-defined stages. The
integrated methodology combines the complementary strengths of BWM, DEMATEL, the SI algorithm,

and ISM into a cohesive, goal-oriented pipeline.

{ PROBLEM INPUT \
ANALYSIS VALIDATION
Barriers to Organic Rice in Optimall_l:n:_shold o
ietnam's Mekong Delta LIRS
\ : J DEMATEL ISM CSl (new metric) vs
b MMDE, Mean + SD
: Initial (Benchmarks)
Economic (EC) X IRM ;
P matrix matrix
- High initial investment -\\. Data Structural resilience
\| | collection | || BWM i assessment
Social (SO) / f Ba’.”i;s Muttiply» IA-SSR (new metric)
- Low consumer demand ||/ Experts weignts Weighted under £10% Monte
- Limited awareness opinions matrix Structural Cargvga““r?aﬂ?n &
- Perceived inefficienc el . weights
Y collected hierarchy
/" Institutional (IN) via pairwise
Ieational (.IN) comparison Expert panel
- Inadequate policy . ) s
e interviewed . sensitivity
- Complex certification T matrix Spearman's p under
: \Ii\;i?(korfn::l(s: (;;;rgro\ leave-one and two-out
. P . expert exclusion
leadership sl Filter
- Fragmented zoning optimi- o Algorithmic
zation threashold performance
Technical (TE) benchmarking
- Operational complexity MAE, RMSE
- Habitual monoculture (SB vs PSO vs
- Lack of specific inputs ABC vs ACO)
Nee—

Figure 1. Conceptual framework of the proposed SI-BDI methodology integrating BWM, DEMATEL, SI-CSI
optimization, and ISM.
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The DEMATEL step conducts a causal analysis. To address the modular separation gap in previous studies,
this step explicitly integrates BWM priority weights into the DEMATEL computational process.
Specifically, the optimal weight vector () derived from BWM is mathematically multiplied with the initial
direct-influence matrix () to yield a strategically weighted matrix (Zy¢jgnteqa = W X Z).This integration
ensures that the resulting Total Relation Matrix (7) accurately reflects not only the raw causal
interdependencies but also the strategic priority of each barrier. Following the DEMATEL computations,a
critical optimization problem arises, determining the threshold («) to filter the normalized 7-matrix. Rather
than relying on arbitrary manual selection, this framework introduces the SI algorithm step. To evaluate the
fitness of each candidate threshold during the SI algorithm’s search phase, we propose the Causal Structure
Index (CSI). This parameter-free objective function aggregates two complementary structural utilities
through a geometric mean.

First, the causal strength CS(a) measures the average net causal influence retained at threshold a:
CS(O_’) _ (ﬁ)cause*‘lﬁleffect

Narrows (@)

(M

where,

R; = X; T;j : row sum of the weighted 7-matrix.

C; = X Tj; : column sum of the weighted 7-matrix.
Cause group: Barriers with R; — C; > 0.

Effect group: Barriers with R; — C; < 0.

Nprrows (@) = {(i,j): T;j = @, i # j} is the number of retained directed influences.

Second component, hierarchical depth L(a) € {1,2, ...,n} is the number of levels in the ISM hierarchy
obtained by Warshall transitive closure, followed by Warfield’s level partitioning (Warfield, 1974) of the
binary reachability matrix M(a) = [Tl- = a]. Higher L(a) indicates greater structural depth and finer
causal stratification. To ensure unit incommensurability does not bias the aggregation, both components
are rescaled to [0,1] via min-max normalization (Jahan and Edwards, 2015):

~ CS(@—CSpmin 5 L(@) =Ly

CS(a) = ——"%  [(a) =—T* 2
( ) CSmax —CSmin ( ) Limax—Lmin ( )

where,

o  CS,uin> CS;ayr: minimum and maximum values of CS ().

®  Lyin> Lingy: minimum and maximum values of L(a).

e Across the feasible threshold range a € [0, max(T)].

The CSI is then defined as the geometric mean of the two normalized components (Aczél and Saaty, 1983;
Tofallis, 2014):

CSI(a) =+/CS(a) - L(a) (3)

The optimal threshold a™ is the global maximizer of CSI:
a*=arg max CSI(a) 4)

ae[0,max(T)]

First, by virtue of the geometric-mean (Acz¢l and Saaty, 1983; Tofallis, 2014), CSI is bounded in [0,1],
weakly increasing in both components, and invariant under positive affine rescaling of either component,
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ensuring that the aggregation is unaffected by the unit incommensurability between CS and integer L.
Second, when either component attains its minimum, CSI(a) = 0, regardless of the other, so a high CS
cannot compensate for a collapsing hierarchy. This embeds an intrinsic anti-sparsity mechanism into the
objective itself, eliminating the need for the ad hoc elbow-selection procedure required by purely density-
based criteria, a property of non-substitutability formally established by Tofallis (2014) for multiplicative
MCDM aggregation. Third, the maximizer of CS/ coincides with the unique Nash bargaining solution over
(CS, L) with disagreement point (0,0) (Nash, 1950); equivalently, log CS/is the equally-weighted log-utility
average, the maximum-entropy choice when no exogenous criterion-importance information is available
(Tang and Lin, 2025). The complete flowchart of the proposed SI-CSI optimization procedure is illustrated
in Figure 2.

¢ Anti-bias safeguards in the CSI construction
To ensure mathematical rigor and address potential structural biases, the CSI is designed with three critical
justifications:

- Preventing circular dependency: A common flaw in dynamic thresholding is the circular dependency
between the chosen threshold a and the classification of Cause/Effect groups. To eliminate this, the
Prominence (R+C) and Relation (R—C) indices used to classify barriers into Cause (R—C>0) and Effect
(R—C<0) groups are calculated solely from the original, unthresholded 7-matrix. Consequently, the group
classifications remain structurally constant, and a only dictates the active causal connections in the final
diagram.

- Numerator justification: The numerator aggregates the average net driving power (R — C) .quse and the
average net perceived influence (|R — Cl¢frece). Using averages rather than absolute sums mitigates
cardinality bias, ensuring that a group with a disproportionately large number of criteria does not
mathematically dominate the objective function.

- Denominator and sparsity penalty: Ny,-ows (@) represents the total number of retained relationships. To
prevent the algorithm’s bias toward generating overly sparse networks (where critical secondary
pathways are lost), a strict constraint Ny,-ows > 1 (Where n is the total number of criteria) is enforced.
This constraint prevents the algorithm from generating an excessively fragmented model while allowing
the SI metaheuristic to identify the most significant causal backbone. Under this optimized threshold a,
while global connectivity is maintained, specific barriers with low interaction intensities may emerge as
autonomous elements, reflecting their high functional specificity in the system.

e Optimization of the continuous threshold variable o.

- Determining the optimal threshold requires maximizing the CSI. However, this optimization process
poses a significant mathematical challenge: the threshold o is a continuous variable (a € [0, max(T)]),
resulting in an infinite search space. While traditional discrete approaches (e.g., mathematical grid search)
could technically be employed, their accuracy is fundamentally constrained by predefined step sizes, and
achieving high precision requires computationally exhaustive loops. Moreover, the CSI function is non-
convex and multi-modal due to the discrete step changes in Ny, rows (@) When a crosses values in 7,
combined with the integer nature of L(a), producing a piecewise-constant landscape with multiple
plateaus and local optima that conventional grid-search approaches cannot navigate without committing
to an arbitrarily fine resolution (Helton and Davis, 2003; Saltelli et al., 2008). Population-based
metaheuristics designed for non-smooth continuous landscapes are therefore the appropriate optimization
paradigm (Fu et al., 2024).
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- To overcome this, SI metaheuristics are utilized, as they are explicitly designed for continuous
optimization problems. Specifically, this framework embeds the SB algorithm to navigate this infinite
search space. By balancing broad Lévy-flight exploration with targeted exponential-stamping
exploitation, the SB algorithm efficiently pinpoints the exact global optimum o without being
constrained by the structural limitations of discrete resolution. Although the CSI function only changes
at discrete points corresponding to off-diagonal values of T, the optimal « is not restricted to these
discrete values. In practice, any a between two consecutive off-diagonal values yields the same CSI,
but choosing a slightly larger o than necessary may discard meaningful relationships. Therefore, the
optimization must precisely identify the threshold value itself, not just the index of a sorted list.
Furthermore, when extending this framework to dynamic or uncertain environments where 7 is not
fixed, the discrete nature disappears, and continuous optimization becomes essential. Thus, adopting
metaheuristics provides both theoretical rigor and practical extensibility.

Input:
T-matrix, search space a € [0, max(T)],
SI hyperparameters: N=30; T,,, = 100
(Population size, Max iteration) (Max ;,,.).etc.

v

Initialize population of N candidate thresholds,
Set iteration counter t = 0.

v

Fitness evaluation: compute CSI for each candidate;
a) Apply a to T'to obtain binary reachability M.
b) Compute causal strength and ISM level.

¢) Normalize via min-max +/CS (a) - L (a).

. . No
SI updaterule (o« updateat each iteration) . .
SB: Lévy flight toward global best. Yes Output.lc]! i _?_SI 1’511131’}/
PSO: Velocity update. reachability M".
ABC: Neighbor based perturbation.
ACO: Pheromone-weighted selection. v

ISM construction:

1. Transitive closure M".
2.R(D),A(D), R@ n AGQ).
3. Iterative level partition.

Figure 2. Proposed SI-CSI optimization procedure.

Once the optimal threshold a” has been identified, the binary reachability matrix Mis constructedas M;; =

1, ifT;; = a*, and 0 otherwise; with M;; = 1 by convention. The transitive closure M" is then computed
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via the Warshall algorithm to capture all direct and indirect reachable relationships among barriers
(Warfield, 1974). For each barrier i, two sets are defined: the reachability set R(i) = {j:Ml-j =1}
comprising all barriers that can be reached from ii; and the antecedent set A(i) = {] My = 1}, comprising

all barriers from which ii can be reached. The intersection R(i) N A(i) identifies barriers mutually
connected to i. Level partitioning proceeds iteratively. At iteration k, all barriers satisfying R(i) N A(i) =
R (i) are assigned to level £ and removed from further consideration. The procedure terminates when all
barriers have been assigned. Following Warfield's convention, Level 1 (the top of the hierarchy) contains
terminal outcome barriers, those that cannot transmit influence to any remaining unassigned barriers. In
contrast, the bottom level contains root-cause drivers from which all others are reachable. The resulting
hierarchy provides a topological decomposition of the causal network into successive layers of causation,
enabling the downstream identification of intervention leverage points.

3.2 Dataset

Synthesizing the theoretical insights from the comprehensive literature review, this study identifies a
finalized set of critical barriers hindering organic rice adoption. To ensure these criteria are suitable for
Vietnam’s Mekong Delta context and actionable for decision-making, the initial raw list was screened,
refined, and thematically categorized into four distinct dimensions: Economic, Social-Cognitive,
Institutional-Policy, and Technical. In the next step, the expert panel will evaluate the identified barriers to
determine their impact on organic rice adoption. To ensure high information density and relevance, this
study focuses on the Mekong Delta, Vietnam’s rice bowl. Therefore, targeting experts within this network
ensures access to in-depth, context-specific knowledge that is crucial for identifying structural barriers.
Unlike statistical methods (e.g., SEM, regression) that require large sample sizes for generalization,
structural MCDM methodologies prioritize the quality and depth of expert opinion over quantity (Shahid
and Ali, 2025). The mathematical validity of these methods relies on the transitivity and consistency of
judgments derived from individuals with specialized domain expertise. Accordingly, this study employs a
purposive sampling strategy, involving a panel of 10 experts (Table 2), to ensure robustness and cross-
sectoral representation. These experts are selected based on a rigorous ‘Expertise Score’ framework,
ensuring they possess significant authority and experience. The expert panel (Table 2) is strategically
composed to ensure cross-sectoral representation, capturing the rice supply chain’s complexity through
three critical lenses:

(1) Academic/Research: Experts from universities and institutes ensure evaluation is grounded in scientific
rigor and theoretical principles; (2) Government/Management: Officials assess barriers through institutional
capacity and policy implementation; (3) Practical Application: Experienced organic rice farming and
cooperative leaders provide insights into operational efficiency and resource utilization. This diverse
composition ensures the final model integrates theoretical, institutional, and operation al perspectives into a
cohesive framework.

Experts were requested to convene and re-evaluate the 10 barriers identified in previous studies (Dinh et
al., 2023; Hoang, 2021; Tien et al., 2022) to ensure their relevance to Vietnam's context. Following the
meeting, a consensus was reached on the following barriers:

- Economic Dimension

High Initial Investment (EC1): The transition phase demands substantial upfront costs for organic fertilizers
and labor. Furthermore, initial yield drops pose a significant financial risk for smallholder farmers.
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- Social-Cognitive Dimension

Low Consumer Demand (SO1): Difficulty distinguishing organic from conventional products reduces
consumer trust and market demand.

Limited Awareness (SO2): Farmers often lack a comprehensive understanding of organic principles and
the long-term environmental benefits of organic farming.

Perceived Inefficiency vs. Conventional (SO3): The ingrained belief that organic farming is more labor-
intensive yet less productive than chemical-based methods create a negative perception of its viability.

- Institutional & Policy Dimension

Inadequate Support Policy Framework (IN1): There is a lack of consistent government incentives and
subsidies to protect organic farmers from market volatility.

Complex Certification Standards (IN2): Documentation and procedural requirements for international
standards (e.g., EU, USDA, JAS) are too complex and costly for individual farmers to navigate.

Weak Input-Output Market Control (IN3): Unstable output linkages, often caused by contract breaking by
traders or intermediaries, discourage long-term commitment.

Lack of Enterprise Leadership (IN4): The absence of leading enterprises capable of aggregating farmers'
output hinders participation in the value chain.

Fragmented Production Zoning (IN5): Organic rice areas are often spontaneous and small-scale, lacking
systematic government planning for specialized, concentrated production zones.

- Technical Dimension

Operational Complexity (TE1): Organic cultivation requires precise water control, biological pest
regulation, and labor-intensive weed management, increasing production uncertainty.

Habitual Monoculture Practices (TE2): The long-standing tradition of intensive triple-cropping has
degraded soil health, making it technically challenging to restore the ecosystem for organic farming.
Lack of Specific Organic Inputs (TE3): Currently available organic fertilizers do not fully meet the specific
agronomic requirements of large-scale organic rice production.

Table 2. Profile and competence assessment of the expert panel.

Role Education (score) Experience Position level (score) Total expertise
(score) score
Vice Director, Southern Inst. of Ag. Science & Tech. PhD (3) 26 years (4) Director Level (3) 10/10 (High)
Lecturer, Faculty of Agronomy, Can Tho University. PhD (3) 18 years (3) Senior Expert (2) 8/10 (High)
Deputy Director, Ben Tre Plant Seed Center. MSc (2) 22 years (4) Director Level (3) 9/10 (High)
(Hﬁe;ldg, }/)\rgo.vliilicct:;smn Station (Chau Thanh Dist., Tien MSc (2) 15 years (3) Manager Level (3) 8/10 (High)
Senior Researcher, Southern Rice Institute. PhD (3) 12 years (3) Senior Expert (2) 8/10 (High)
Staff, Southern Rice Institute. Bachelor (1) 24 years (4) Senior Official (2) 7/10 (Med-High)
Official, Ben Tre Dept. of Agriculture . MSc (2) 20 years (4) Senior Official (2) 8/10 (High)
Head, Organic Farming Cooperative (Regional). High school (1) 30 years (4) Leader (3) 8/10 (High)
Lead Farmer, Model Organic Farm. High school (1) 25 years (4) Practitioner (2) 7/10 (Med-High)
Lead Farmer, Clean Rice Production Group. High school (1) 20 years (4) Practitioner (2) 7/10 (Med-High)

**Note: The Expertise Score (Max = 10) is calculated based on: (1) Education (PhD=3, MSc=2, BSc/Lower BSc=1); (2) Experience (> 20
vears(y)=4, 10-20y=3, 5-10y=2, less than 10y =1); (3) Current Position (Director/Head=3, Senior/Practitioner=2).

3.3 Validation Plan

To ensure the robustness and reliability of the proposed SI-BDI framework, a comprehensive three-tier

validation plan was implemented:
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a) Optimal Threshold Validation: The optimization performance of the proposed CSI objective function
(Equation 3) is cross-validated against conventional thresholding techniques. Specifically, the optimal
threshold (a*) identified by the SB algorithm is compared with the Maximum Mean De-Entropy (MMDE)
approach and the statistical Mean + SD benchmark. This comparison evaluates the balance between
structural interpretability (filtering out noise) and information retention within the causal network.

b) Structural Robustness Assessment: The resilience of the proposed model against input uncertainties
is evaluated through Monte Carlo simulation, a stochastic technique that quantifies output uncertainty by
repeatedly evaluating a deterministic model under randomized input perturbations (Hamby, 1994; Helton
and Davis, 2003; Saltelli et al., 2008). Specifically, a + 10% uniform random perturbation is applied to
the initial BWM weights, following the local sensitivity protocols established by Saltelli et al. (2008) and
recently applied in MCDM contexts (Boukrouh et al., 2024; Cui et al., 2023). This stochastic process is
executedvia N = 100 independent simulations, using the sample-size benchmark validated by Helton and
Davis (2003), who demonstrated thatan m X n configuration with 100 sample elements is mathematically
sufficient to generate highly stable distribution estimates and minimize sampling variability in uncertainty
propagation. For each perturbed weight vector, the entire DEMATEL-ISM pipeline is re-executed and the
resulting structural metrics are aggregated to characterize the empirical distribution of outcomes under input
uncertainty. To quantify structural resilience under perturbation, this study proposes a novel composite
metric, the Industrial Adaptability-Structural Stability Reliability (IA-SSR), which simultaneously captures
three distinct aspects of structural robustness through the multiplicative product of three normalized
components:

IA — SSR(a) = S(a) - Hy(y) - Sp(a) ®)

where, each component is justified independently by established literature, and multiplicative aggregation
is chosen to enforce non-substitutability among the three resilience dimensions (Aczél and Saaty, 1983;
Tofallis, 2014):

(i) Hierarchical Stability S(a) € [0,1]: The proportion of ISM hierarchical layers preserved after
perturbation, operationalizing the engineering-resilience concept (return to structural equilibrium under
perturbation) formalized by Holling (1973) and Pimm (1984), and recently applied to network
robustness by Zheng et al. (2024) and Lou et al. (2023).

(i1) Information Content H,(a) € [0,1]: The normalized Shannon entropy H,(a) = H(a)/log.(n) of the
layer-distribution probability mass, where H(a) = —Xpilog,p; measures the uniformity of barrier
distribution across hierarchical levels (Shannon, 1948). The normalization by logz:(n) ensures H, €
[0,1] regardless of network size, with H, = 0 indicating degenerate single-layer collapse and H, =
1indicating maximally informative multi-layer distribution. This entropy-based interpretation of
structural informativeness has recently precedent in network analysis (Huang et al., 2024; Yu et al.,
2022; Zeng et al., 2024).

(iii) Network Parsimony Sp(a) € [0,1]: the sparsity measure Sp(a) = 1 — Nyprows/n(n — 1), penalizing
structural saturation. Sparsity-based parsimony measures are theoretically established by Hurley and
Rickard (2009). Sp = 1 indicates a maximally parsimonious network (ideal for hierarchical
interpretability); Sp — 0 indicates network saturation that obscures the causal hierarchy.

¢) Algorithmic Performance Benchmarking: The structural reliability and reconstruction accuracy of the
SB algorithm are benchmarked against other established SI metaheuristics (PSO, ABC, and ACO). The
precision of each algorithm in preserving the original expert-based influence matrix is comprehensively
evaluated using Mean Absolute Error (MAE), and Root Mean Square Error (RMSE).

1571 |Vol. 11, No. 4,2026



Hien et al.: A Swarm Intelligence-Driven Decision Support Framework for Adaptive ...

3.4 Computational Environment

To ensure reproducibility, all algorithmic simulations (SB, PSO, ABC, ACO) were executed in Python
3.12.4 on AMD Ryzen 5 5500U with Radeon Graphics. To guarantee statistical reliability and eliminate
stochastic bias, convergence times and performance metrics were recorded as the mean =+ standard deviation
across 30 independent runs for each algorithm.

3.5 Hyperparameter Configuration

To ensure full reproducibility, all four SI algorithms (SB, PSO, ABC, ACO) were configured with the
parameter settings reported in Table 3. Common settings, population size N = 30 and maximum iterations
I = 100 were fixed across all algorithms to enable a fair comparison. Algorithm-specific parameters were
chosen following the recommendations of their respective seminal references and held constant across all
30 independent runs.

Table 3. Hyperparameter configuration of SI algorithms.

Algorithm Parameter Value Reference
Stage | phase boundaries (hunting) 1/3,21/3
SB Lévy flight exponent B _ 1.5 Fu et al. (2024)
Stage 2 escape mode probability 0.5
Boundary handling Reflection on [0.01, 0.30]
Inertia weight w 0.7
PSO Cognitive coefficient c: 1.5 z(lzr;n;dy and Eberhart
Social coefficient c. 1.5
Number of employed bees/onlookers N/2 each
ABC Scout abandonment limit 20 Karaboga (2005)
Pheromone evaporation rate p 0.9
ACO Heuristic exponent 2.0 Dorigo and Stiitzle (2004)
Discretization grid (continuous o) 100 nodes on [0.01, 0.30]
Population size N 30
ALL Maximum iterations T 100
Independent runs 30

4. Empirical Study

4.1 Priority Weights of Barriers (BWM Results)

Following the establishment of the expert panel, BWM was applied to ascertain the relative priority weights
of the 12 identified barriers (Table 4). Utilizing the Aggregate Weights Later (AWL) approach (Van De
Kaa et al., 2018), the optimal weight vectors were computed individually for each expert and subsequently
aggregated. The Consistency Ratio (CR) for all 10 expert assessments remained below 0.1, confirming a
high degree of reliability in the comparative judgments. The aggregated results reveal that Weak Input-
Output Market Control (IN3) is universally perceived as the most critical barrier, holding the highest
priority weight (0.212). This is followed by Operational Complexity in Organic Rice Farming (TE1, 0.093)
and Fragmented Production Zoning (INS, 0.085). Conversely, Limited Awareness (SO2) ranked as the least
significant constraint (0.022). These optimal BWM weights were then integrated into the initial DEMATEL
direct-influence matrix to formulate a strategically weighted causal network.

Table 4. Aggregated BWM weights and ranking of barriers.

Code Barrier Name Average weight
IN3 Weak Input-Output Market Control 0.212 1
TE1 Operational Complexity in Organic Rice Farming 0.093 2
INS Fragmented Production Zoning 0.085 3
SO3 Perceived Inefficiency vs. Conventional 0.082 4
TE3 Lack of Specific Organic Inputs for Rice 0.079 5
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Table 4 continued...

IN1 Inadequate Support Policy Framework 0.078 6
IN4 Lack of Enterprise Leadership in the Value Chain 0.076 7
IN2 Complex Certification Standards 0.073 8
TE2 Habitual Monoculture Practices 0.071 9
SO1 Low Consumer Demand 0.067 10
ECl1 High Initial Investment 0.062 11
SO2 Limited Awareness 0.022 12

4.2 Performance Validation of the Framework

A critical objective of this study is to overcome the subjective thresholding bottleneck in traditional BDI
applications. The proposed SI-BDI framework automates this process by maximizing CSI. The validation
landscape cross-validated the CSI approach against standard statistical benchmarks, including MMDE and
Mean + SD. The traditional MMDE benchmark (¢ = 0.0110) failed to adequately filter the network,
retaining an excessive 132 relationships that saturated the causal structure. This failure stems from directly
multiplying BWM-derived fractional weights into the DEMATEL matrix, which significantly reduces the
absolute values of the influence coefficients. Consequently, traditional entropy-based algorithms like
MMDE become mathematically distorted in this weighted environment, rendering them incapable of
distinguishing core causal links from stochastic noise.

To assess the influence of the threshold parameter o on the causal structure, a discrete grid search was
conducted over the set @ = {0.085,0.110, 0.145,0.150, 0.155,0.160, 0.165}. As reported in Table 5, the
CSI value exhibits a clear increasing trend from 0.315 at &« = 0.085 to a peak value 0of 0.822 at @« = 0.155,
while maintaining a stable four-level ISM structure within the interval [0.145, 0.155]. Beyond this point, a
slight increase in the threshold to @ = 0.160 results in structural degradation, with the ISM hierarchy
collapsing from four levels to three and CSI declining to 0.750. This behavior confirms that the optimal
threshold lies within a narrow region around ¢ = 0.155. However, due to the inherently discrete nature of
manual grid search, the exact optimum may not be captured within the predefined candidate set. In contrast,
the SB algorithm, operating over a continuous search domain a € [0.01, 0.30], identifies a more precise
optimal threshold at a* = 0.156, achieving CSI* = 0.852 while preserving the four-level ISM hierarchy.
The 3.6% relative improvement in CSI (from 0.822 to 0.852) over the best discrete grid point demonstrates
the advantage of metaheuristic approaches in continuous parameter spaces, where conventional discrete
search strategies may overlook near-optimal solutions falling between predefined grid points.

Table 5. Comparative threshold selection results for CSI optimization.

a N grrows ISM Levels CsI
0.085 53 3 0315
0.110 34 3 0438
0.145 20 4 0.748
0.150 18 4 0.796
0.155 17 4 0.822
0.156 16 4 0.852
0.160 14 3 0.750
0.165 13 3 0.781

**Note: The optimal threshold identified by the SB algorithm (a. = 0.156) is highlighted in a shaded background and marked with an asterisk. A
grid search was conducted across a. €[0.085, 0.165], evaluating seven discrete candidate thresholds, augmented by the SB-optimized continuous
solution o* = 0.156 (which lies between adjacent grid points 0.155 and 0.160).
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Table 6 demonstrates three findings. First, the four SI-BDI variants are statistically indistinguishable in
IASSR (p > 0.4 for all SI pairs), confirming that the proposed CSI objective is well-defined: independent
metaheuristics with disparate search dynamics, SB’s two-stage hunt-escape, PSO’s velocity-based search,
ABC’s three-bee phases, and ACO’s pheromone trails, converge to equivalent global optima. Second, all
SI-BDI variants significantly outperform both non-SIbaselines (Mean + SD and MMDE, p < 0.001). Third,
BDI-MMDE attains nominal stability (S = 1) but IA-SSR=0 due to joint degeneracy between the entropy
and sparsity components. Its single-level hierarchy (H, = 0) saturates the network with all 132 arrows
(Sp = 0), confirming that conventional entropy-based thresholding produces structurally vacuous solutions
under uncertainty. The multiplicative construction of IA-SSR is essential: an additive aggregation would
award MMDE a misleadingly high score by exchanging zero entropy for unit stability, whereas the
multiplicative form correctly identifies the structural failure.

Table 6. Resilience analysis under £10% Monte Carlo perturbation of BWM weights (N = 100).

Method o L S H, Sy TIA-SSR [95% CI] P

SB-BDI 0.156 4 0.881 0.391 0.892 0.306[0.296,0.315] -

PSO-BDI 0.157 4 0.881 0.387 0.893 0.304[0.294,0.313] 0.876
ABC-BDI 0.155 4 0.882 0.387 0.893 0.304 [0.295,0.313] 0.703
ACO-BDI 0.154 4 0.878 0.381 0.894 0.298[0.289,0.307] 0.424
BDI(MEAN + SD) 0.163 3 0.824 0.355 0.899 0.259[0.255,0.262] <0.001
BDI(MMDE) 0.011 1 1.000 0.000 0.000 0.000 [0.000, 0.000] <0.001

**Notes: o', optimal threshold; L, number of ISM levels; S (stability rate), barrier-level stability (mean); H,, (information content), normalized
Shannon entropy of layer distribution (mean); S, (network parsimony), sparsity 1—=N,roys/n(n—1), mean); IA-SSR (composite score)=S-H, S,
with 95% bootstrap CI (confidence intervals) (1,000 resamples). p-value of Wilcoxon rank-sum test against SB-BDI; pairwise comparisons among
SI-BDI variants are non-significant (p>0.4), reflecting joint convergenceto the CSIglobal optimum, while both non-SIbaselines differ significantly
(»<0.001). N=100 following Helton and Davis (2003).

Table 7. Algorithmic performance benchmarking.

Algorithm a MAE RMSE
SB 0.156 0.060 0.072
PSO 0.156 0.060 0.072
ABC 0.156 0.060 0.072
ACO 0.154 0.058 0.071

Table 7 presents detailed algorithmic performance benchmarks, evaluated using MAE and RMSE. First,
three of four algorithms converge to the identical global optimum. SB, PSO, and ABC all identify a* =
0.156; Resulting reconstruction errors (MAE = 0.060, RMSE = 0.072) are mathematically identical
across these three algorithms, not as a redundant artifact of the benchmark, but as direct evidence that the
proposed CSI objective admits a well-defined global maximum recoverable by independent metaheuristics
with disparate search dynamics: SB’s two-stage hunt-escape architecture, PSO’s velocity-based swarm
dynamics, and ABC’s three-bee employed-onlooker-scout phases. This convergence pattern empirically
supports Proposition 1 of Section 2.3 (boundedness and Pareto-monotonicity of CSI).

Second, ACO converges to a suboptimal local plateau at a* = 0.154, with marginally lower MAE (0.058)
and RMSE (0.071). This apparent error advantage, however, is an artifact of insufficient filtering rather
than superior optimization quality: ACO discards fewer cells from 7, mechanically yielding lower
reconstruction error while sacrificing the CSI-balanced trade-off between causal clarity and structural
parsimony.
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Third, MAPE was deliberately excluded from the benchmark. The 7-matrix contains entries near zero that
produce division-by-zero singularities under MAPE (Hyndman and Koehler, 2006), and thresholding
generates structural under-prediction that MAPE asymmetrically penalizes (Tofallis, 2014). Furthermore,
DEMATEL causal influence intensities lack the absolute measurement scale that gives MAPE its
interpretability in forecasting contexts; MAE and RMSE, both unit-preserving and symmetric, are the
methodologically appropriate choices for reconstruction error in a thresholding context.

As shown in Figure 3 Panel A, the function exhibits a sharp discontinuity at « = 0.157, where CSI drops
from 0.8515 to 0.7211 in a single threshold step (continuous landscape values; Table 5 reports only the
discrete grid points). This non-smoothness is methodologically significant rather than incidental: it reflects
the structural collapse of the ISM hierarchy from four levels to three levels when a critical inter-level edge
is severed. Because CSI is defined as the geometric mean of normalized causal strength (CS,,,,,) and
normalized hierarchical depth (L,,,;-m ), @ one-unit reduction in L from 4 to 3 produces an immediate one-
third drop in L,,,,+, that cannot be compensated by any concurrent gain in CS,,,,, - This empirical behavior
directly validates Proposition 2 (non-substitutability): an additive aggregation would smooth across the
transition of L from 4 to 3 and select a threshold that destroys hierarchical structure, whereas the
multiplicative CSI penalizes such collapse and steers the optimizer back to the depth-preserving plateau.

1.0 9
@ Global optimum converge by iter < 10
[ X
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Figure 3. CSI landscape & convergence trajectories.

**Note: (A-left image) CSI(a) profile across the feasible threshold range a. € [0.01, 0.30], showing the global maximum at a* = 0.156 (CSI* =
0.852). (B-right image) Convergence behavior of four SImetaheuristics (SB, PSO, ABC, ACO) over 100 iterations, averaged across 30 independent
runs.

Panel B traces the best CSI value located by each metaheuristic across 100 iterations (population size = 30).
Three patterns emerge. SB-BDI, PSO-BDI, and ABC-BDI all reach the global optimum CSI = 0.852
within ten iterations, with SB and PSO converging by iteration 5 and ABC by iteration 7. The mutual
convergence of three algorithms with disparate search dynamics, SB’s two-stage hunt-and-escape
architecture, particle swarm’s velocity-based dynamics, and artificial bee colony’s three-bee employed-
onlooker-scout phases, provides empirical evidence that the CSI landscape contains a single attractor
reachable by gradient-free search. This pattern complements the topological observation in Panel A: the
unique peak in the CSI(a) profile is recovered from arbitrary initializations by independent optimization
principles. ACO-BDI converges prematurely to a suboptimal local plateau at CSI = 0.822 (o = 0.154)
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within five iterations and remains trapped throughout the remaining 95 iterations. This stagnation is
consistent with documented limitations of ant colony optimization on continuous, piecewise-constant
landscapes (Lopez-Ibaiiez et al., 2018): pheromone deposition reinforces early-discovered solutions, and
the discrete nature of CSI’s transitions does not provide the gradient-like information that ACO’s heuristic
exploitation relies upon.

Three of four SI methods reaching the same optimum suggest that algorithm choice is not the primary lever
for performance on this 12-criterion problem; the framework’s success rests instead on the well-posed CSI
objective itself. This observation tempers any claim that a particular metaheuristic is essential. Conversely,
the failure mode exhibited by ACO illustrates that not all gradient-free algorithms are equally suited to step-
function landscapes, providing practical guidance for analysts adopting this framework: pheromone-based
search should be avoided in favor of swarm-based or hunting-based dynamics that explicitly model
exploration-exploitation transitions.

Table 8. Leave-one-out (LOO) and leave-two-out (L20) sensitivity analysis of BWM weights.

Removed Spearman p Top-3 preserved Max|Awl
El 1.000 YES 0.0014
E2 0.993 YES 0.0034
E3 0.993 YES 0.0033
E4 0972 YES 0.0042
E5 0.979 YES 0.0035
E6 0.979 YES 0.0040
E7 0.993 YES 0.0039
E8 0.979 YES 0.0025
E9 0.979 YES 0.0024
E10 1.000 YES 0.0014
Mean 0.9867 10/10 0.0030
Min 0.9720 - -
L20 Mean 0.9859 45/45
L20 0.9650 -

**Note: EI-E10 denote the ten experts in the panel; their order corresponds to the rows of Table 2.

The results presented in Table 8 provide three convergent pieces of evidence for robustness. First,
Spearman’s p remained between 0.972 and 1.000 (mean = 0.9867) in all ten LOO trials and at or above
0.965 (mean = 0.9859) across all 45 L20 combinations, comfortably exceeding the 0.95 threshold for high
robustness (Mohammadi and Rezaei, 2020). Second, the top-3 critical barriers IN3, IN5, and TE1, were
preserved without exception in 100% of both LOO and L20 trials. Third, the maximum absolute weight
change in LOO trials was |Aw| = 0.0042 (mean = 0.0030), an order of magnitude smaller than the smallest
baseline weight w(502) = 0.022 (Table 4).

4.3 Causal Hierarchy and Impact Relations Analysis

Applying the optimized threshold (a = 0.156), the causal hierarchy was delineated based on the
Prominence (R+C) and Relation (R—C) indices (Table 9). The barriers were systematically classified into
Cause-and-Effect groups:

The DEMATEL classification (Figure 4) and the ISM (Figure 5) yield convergent yet complementary

insights into how the twelve barriers to organic rice farming propagate through Vietnam’s Mekong Delta
system. Read together, the two diagrams expose a four-tier causal architecture with a clear leverage point.
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Table 9. Prominence (R+C) and relation (R—C) indices of barriers.

Barrier R C R+C R-C Group
ECl1 0.843 0.972 1.815 -0.129 Effect
SO1 0.910 1.005 1915 -0.095 Effect
SO2 0.837 0.238 1.075 0.599 Cause
SO3 0.827 1.235 2.062 -0.408 Effect
IN1 1.997 0.258 2.255 1.739 Cause
IN2 1.062 0.652 1.714 0410 Cause
IN3 1.055 3.091 4.146 -2.036 Effect
IN4 1.277 0.964 2.241 0.313 Cause
INS 1.177 0.862 2.039 0.315 Cause
TEL 0.869 1.424 2.293 -0.556 Effect
TE2 0.748 0.712 1.460 0.036 Cause
TE3 0.795 0.985 1.780 -0.190 Effect
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Figure 4. DEMATEL causal relationship diagram: prominence (R+C) versus
relation (R — C) of the twelve barriers (a* = 0.156).

While the diagram (Figure 4) reveals the horizontal positioning of barriers along the prominence-relation
plane, the ISM hierarchy (Figure S) provides the complementary vertical decomposition of how these
barriers transmit influence across the system. Read together, the two diagrams expose a coherent four-tier
architecture for how barriers to organic rice farming propagate. ISM places IN1 alone at Level 4, the deepest
tier from which the upstream causal chain originates, transitively reaching six downstream barriers (ECI,
SO3, IN3, IN4, INS, TE1), while DEMATEL positions it firmly in the Core driver’s quadrant (R — C =
+1.739, the strongest net causality in the system). Its moderate prominence (R + C = 2.255) signals that
IN1 does not participate in many bidirectional exchanges but rather initiates the causal chain
unidirectionally. In the Mekong Delta context, this finding aligns with field realities: without coherent state
policy on certification subsidies, land-use planning, and price stabilization, farmers cannot meaningfully
transition to organic practices regardless of consumer demand or technical knowledge.

Standing alone at Level 3, IN5 functions as the sole intermediate bridging node within the hierarchical

structure, mediating the transmission of influence from IN1 toward Operational Complexity (TE1) and, to
a lesser extent, the terminal node IN3. Its DEMATEL profile (R + C = 2.039; R — C = +0.315) aligns
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with this intermediary role, reflecting moderate prominence and a modest net causal effect. These findings
suggest that zoning consolidation operates as a complementary intervention capable of mitigating the
transmission pathway linking IN1, INS, and TE1. Nevertheless, because IN1 also exerts direct influence on
EC1, SO3, and IN4, policy reform alone appears sufficient to address the majority of operational barriers
without reliance on the mediating role of INS. This identifies zoning consolidation as a necessary second-
stage intervention. The structural pathway from IN1 (Inadequate Support Policy Framework) to EC1 (High
Initial Investment) reveals an institutional mechanism that DEMATEL alone obscures. Although ECI sits
at Level 2 with a moderately negative net relation (R — C = —0.129, Effect group), the transitive closure
(Appendix C) shows that EC1’s antecedent set A(EC1) = {EC1,IN1} contains IN1 as its sole upstream
driver, while no other Level 2 barrier (SO1, SO2, IN2, IN4) reaches EC1. This isolated dependency is
structurally meaningful: in the Mekong Delta context, the high upfront capital required for organic
transition, covering certification fees, soil-restoration inputs, and 2-3 years of yield depression during
conversion, does not arise from market dynamics or farmer preferences but from the absence of policy
instruments that would otherwise socialize thisrisk. Specifically, thelinking IN1 — EC1 channel operates
through three institutional mechanisms: (i) the absence of certification-cost subsidies forces farmers to
internalize fees that, in mature organic markets, are typically borne by public extension programs or
collective certification schemes; (ii) the lack of long-term land-tenure guarantees deters bank lending
against farmland during the multi-year conversion period, raising the effective cost of capital; and (iii) the
absence of price-stabilization mechanisms or purchase guarantees during conversion eliminates the
bridging income that would otherwise offset transitional yield losses. These three mechanisms collectively
explain why EC1 cannot be addressed through farmer-targeted financial literacy programs or microcredit
schemes alone; the investment barrier is downstream of policy gaps and dissolves only when IN1 is
reformed. The same logic links IN1 to INS through fragmented zoning (preventing economies of scale for
conversion) and to IN4 through the absence of value-chain anchor enterprises that could provide forward
contracts.

This layer splits cleanly into two functional groups along the DEMATEL axis. Three net transmitters-
Limited Awareness (SO2), Complex Certification Standards (IN2), and Lack of Enterprise Leadership
(IN4), propagate influence upward, with IN4 being the most consequential (R + C = 2.241, R— C =
+0.313). Five net receivers, High Initial Investment (EC1), Low Consumer Demand (SO1), Perceived
Inefficiency (SO3), Operational Complexity (TE1), and Lack of Specific Organic Inputs (TE3), absorb
influence and translate it into operational obstacles experienced by farmers. Among the receivers, TE1
stands out as the most prominent (R + C = 2.293) yet contributes minimal net direction (R — C =
—0.556), indicating it functions less as a discrete barrier and more as a clearing house through which
multiple upstream pressures manifest as day-to-day farming difficulties. The dual positioning of the Social-
Cognitive cluster (SO1, SO2, SO3) carries a counterintuitive but actionable implication for extension
policy. Two of the three social-cognitive barriers, SO1 (Low Consumer Demand, R — C = —0.095) and
SO3 (Perceived Inefficiency vs. Conventional, R — C = —0.408), emerge in the Effect group, indicating
that consumer skepticism and farmer-perceived unviability are not autonomous attitudes but downstream
symptoms of upstream institutional failures. Specifically, A(S03) = {S03,IN1}, meaning that the only
upstream barrier transitively reaching SO3 is IN1. SO1’s antecedent set A(SO1) = {SO1} indicates
structural isolation in the receiving network, its effect-group classification reflects weak overall causal
influence rather than transitive dependence on a specific upstream driver. The third barrier, SO2 (Limited
Awareness, R — C = +0.599), appears in the Cause group and behaves as a transmitter, but with the lowest
BWM weight (w = 0.022, ranked 12 of 12) and a constrained reach R(S02) = {S02, IN3}, indicating that
SO2’s causal role is structurally minor. Taken together, this pattern poses a direct challenge to extension
strategies that prioritize awareness-raising campaigns, consumer education, farmer training on organic
principles, or media outreach as primary policy levers. Such programs, when deployed without
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simultaneous reform of IN1, address the symptoms while the upstream policy vacuum continues to
regenerate them: farmer perceptions of inefficiency persist because conversion remains genuinely
unprofitable in the absence of subsidies and price guarantees; consumer demand remains low because the
verified-organic supply chain remains underdeveloped without enterprise leadership and certification
infrastructure. The framework, therefore, suggests that awareness-raising should be sequenced after, or
jointly with, the institutional reforms identified at Levels 3 and 4, operating as an amplifier of substantive
policy change rather than a substitute for it.

At Level 1, with extreme prominence (R + C = 4.146, nearly twice the second-highest value), IN3 absorbs
the cumulative influence of nearly the entire upstream network. Its near-symbiotic relationship with TE1
(R + C = 2.293, the second-most prominent barrier) reveals that operational complexity at the farm level
and market dysfunction at the value chain level are two faces of the same systemic failure. Critically, IN3’s
high prominence is symptomatic rather than causal: targeting market interventions without addressing the
underlying policy vacuum (IN1) and zoning fragmentation (IN5) would yield only superficial improvement.

TE2 also resides at Level 1, but with a structurally distinct role, at @* = 0.156, it exhibits zero in-degree
and zero out-degree, operating outside the causal network. Its DEMATEL position near the origin (R +
C =1.460, R — C = +0.036) confirms the marginal directional role. The framework’s separation of TE2
from the main hierarchy carries an important practical message: monoculture habits are not a downstream
consequence of policy or market failures, but a path-dependent cultural inertia rooted in decades of
conventional rice farming practice in the Delta. This implies that conventional top-down interventions
targeting IN1 will not automatically dissolve TE2; addressing it requires distinct, behavior-focused
interventions such as participatory farmer schools or peer-learning networks. DEMATEL alone identifies
IN3 as the most prominent barrier and might suggest market reforms as the priority. ISM corrects this
interpretation: IN3’s prominence is the accumulated effect of upstream barriers, not a leverage point. The
integrated CSI-optimized framework instead reveals a clear policy sequence: (i) reform IN1 to provide
coherent organic-farming policy infrastructure (certification subsidies, land-tenure guarantees, price
stabilization); (ii) deploy targeted financial instruments to dissolve EC1 (concessional credit, conversion
subsidies, public-private risk-sharing schemes), these become viable only after IN1 is reformed; (iii)
consolidate IN5 to enable zoning that supports organic value chains; (iv) reinforce IN4 (enterprise
leadership) and IN2 (certification simplification) as transmission accelerators; (v) address TE2 separately
through cultural and behavioural programs; and (vi) integrate awareness-raising on SO1, SO2, and SO3 as
amplifiers of the structural reforms above, rather than as standalone interventions. Only at the final stage
do market-side interventions on IN3 and TE1 become effective, as the upstream prerequisites are already
in place. This reframing, from fixing what’s most prominent to fixing what propagates, is the principal
practical contribution of integrating DEMATEL with ISM through the proposed CSI optimization.

Level 1
(Outcomes)

-1 @ @ @ @ © © © ©
Level 3 @

Level 4

(Root Cause)

Figure 5. ISM hierarchical structure of barriers at the optimal threshold a* = 0.156.

1579 | Vol. 11, No. 4,2026



Hien et al.: A Swarm Intelligence-Driven Decision Support Framework for Adaptive ...

5. Conclusion

This study addressed a persistent methodological bottleneck in the integrated BWM-DEMATEL-ISM
(BDI) paradigm: the subjective or statistically rigid selection of the threshold () that dichotomizes the
DEMATEL total-relation matrix into the binary reachability matrix required by ISM. To resolve it, the
study proposed the Swarm Intelligence-driven BDI (SI-BDI) framework, which embeds BWM priority
weights directly into the DEMATEL matrix and couples a newly formulated, parameter-free Causal
Structure Index (CSI) with swarm-intelligence metaheuristics to locate the threshold that jointly maximizes
causal clarity and hierarchical depth. Applied to the barriers hindering organic rice adoption in Vietnam’s
Mekong Delta, the framework converged to a stable optimal threshold (a* = 0.156, CSI* = 0.852) and a
four-level causal hierarchy that remained robust under both leave-one-out and leave-two-out expert
exclusions and under £10% Monte Carlo perturbations of the BWM weights.

Methodologically, the study advances the MCDM literature on three fronts. First, it resolves the
longstanding problem of subjective threshold selection in DEMATEL by formulating the CSI as a
parameter-free objective optimized through metaheuristic search, and in doing so it uncovers a critical
mathematical incompatibility between the MMDE algorithm and the BWM-weighted DEMATEL matrix.
Because priority weights are embedded by multiplication, the absolute values and probability distribution
of the influence coefficients are fundamentally altered, distorting the entropy-based logic on which MMDE
depends; this was empirically confirmed when the MMDE benchmark generated an excessively low
threshold (¢ = 0.0110) that failed to filter stochastic noise and retained 132 relationships, saturating the
network. The proposed CSI optimization is therefore not merely an alternative but a mathematical necessity
for integrating priority weights into DEMATEL. The point is reinforced by the newly proposed Industrial
Adaptability-Structural Stability Reliability (IA-SSR) composite metric, under which the SI-BDI
framework demonstrated markedly superior structural resilience to weight perturbation relative to the Mean
+ SD and MMDE benchmarks, both of which exhibited significant structural degradation.

Second, the study empirically establishes the well-posedness of the CSI objective by benchmarking four SI
metaheuristics against grid search. Three population-based methods, Secretary Bird (SB), Particle Swarm
Optimization (PSO), and Artificial Bee Colony (ABC), converge with a 100% success rate to an identical
global optimum (a* = 0.156, CSI* = 0.852), confirming that the CSI landscape is reliably navigable by
gradient-free continuous-search algorithms, whereas Ant Colony Optimization (ACO), constrained by its
discretization mechanism, becomes trapped in a sub-optimal plateau (CSI = 0.822, 0% success). Although
the absolute runtime advantage of any single variant is modest in this twelve-criterion case study, the
framework's value rests on the consensus across heterogeneous heuristics, which provides strong evidence
that the optimum is genuine rather than algorithm-specific. This consensus, together with a clear
deployment pathway to higher-dimensional problems where grid enumeration becomes intractable,
positions SI-CSI optimization as a methodologically scalable contribution rather than a claim of runtime
efficiency. Third, the study introduces the concept of weighted causality into the integrated BWM-
DEMATEL-ISM framework: by embedding BWM-derived importance weights directly into the
DEMATEL initial direct-influence matrix, the resulting causal network inherently reflects strategic
dominance, offering a logically consistent paradigm for structural evaluation.

Beyond these methodological contributions, the framework yields a coherent practical reading of the
barriers to organic rice adoption in the Mekong Delta. BWM identifies Weak Input-Output Market Control
(IN3) as the most critical barrier, yet DEMATEL shows that its high prominence is primarily symptomatic
rather than causal, and the ISM hierarchy reveals the Inadequate Support Policy Framework (IN1) as the
singular Level-4 root cause with the strongest net causal influence. Major downstream obstacles, including
high investment costs, operational complexity, and market instability, are thus largely dependent on

1580 | Vol. 11, No. 4,2026



Hien et al.: A Swarm Intelligence-Driven Decision Support Framework for Adaptive ...

upstream institutional deficiencies, while Low Consumer Demand (SO1) remains structurally decoupled
from the policy-driven causal chain. Accordingly, policymakers should move beyond symptom -oriented
measures by prioritizing institutional reform and zoning consolidation to stabilize market coordination,
while concurrently deploying separate demand-side interventions to stimulate consumer adoption.

Notwithstanding these contributions, three limitations merit acknowledgment and define avenues for future
research. First, although the CSI is parameter-free and penalizes both over-densification (via the causal-
strength term) and over-sparsity (via the ISM-level term coupled through a geometric mean), its calibration
against alternative compositional logics such as harmonic-mean or Tchebycheff aggregation has not been
explored; a multi-objective formulation returning a Pareto frontier of trade-offs between causal clarity and
structural depth could offer decision-makers a richer set of structural alternatives than a single optimum.
Second, the empirical validation rests on a twelve-barrier case study, and while the SI-CSI framework
remains formally identical for higher-dimensional problems, its behavioral guarantees (convergence rate,
plateau navigation) under n > 30 require dedicated computational benchmarking. Third, the BWM expert
panel of ten reflects a domain-bounded consensus on Vietnamese organic-rice barriers; integrating fuzzy
or Bayesian extensions, such as the Bayesian BWM of Mohammadi and Rezaei (2020), could accommodate
cognitive ambiguity and enable cross-regional generalization. Finally, the present framework treats the
BWM-derived weight vector as a deterministic input; modeling the propagation of weight uncertainty
through the SI-CSI optimization to obtain confidence intervals on o* is a natural extension and a focus of
ongoing work.

Appendix

Appendix A. Aggregated initial direct-influence matrix.

Z EC1 SO1 SO2 S03 IN1 IN2 IN3 IN4 IN5 TE1 TE2 TE3
EC1 0 1.2 0.8 1.5 0.5 1.1 1.4 0.7 0.6 2.1 0.9 1.3
SO1 1.1 0 1.4 1.8 0.4 0.6 2.5 1.3 0.7 0.8 0.5 0.6
SO2 0.7 2.1 0 2.4 0.3 0.5 1.8 0.9 0.4 0.6 1.1 0.5
SO3 1.4 1.7 1.2 0 0.2 0.4 1.6 0.8 0.5 1.9 1.5 1.2
IN1 3.2 2.5 2.1 1.9 0 34 3.6 2.8 3.5 2.1 1.8 2.4
IN2 1.8 1.1 0.9 0.7 0.6 0 2.1 1.5 1.2 2.4 0.8 1.6
IN3 2.5 34 2.2 2.8 0.4 1.2 0 2.6 1.5 1.4 0.9 1.1
IN4 1.9 2.2 1.4 1.6 0.5 1.8 2.9 0 2.1 1.3 0.7 1.2
INS 1.5 1.3 0.8 1.1 0.4 1.2 24 1.9 0 2.6 1.4 1.8
TE1 2.1 0.8 0.6 1.9 0.3 0.7 1.2 1.1 0.9 0 1.6 2.5
TE2 1.3 0.6 0.5 1.4 0.2 0.4 0.8 0.7 1.1 24 0 2.1
TE3 1.6 0.7 0.5 1.3 0.3 0.6 0.9 1.1 0.8 2.7 1.8 0

Appendix B. BWM-weighted total relation matrix 7.

T EC1 SO1 SO2 SO3 IN1 IN2 IN3 IN4 IN5 TE1 TE2 TE3
EC1 0.036 0.068 0.016 0.092 0.024 0.052 0.206 0.056 0.049 0.121 0.050 0.073
SO1 0.066 0.046 0.022 0.107 0.022 0.042 0.297 0.078 0.056 0.080 0.040 0.054
SO2 0.052 0.093 0.010 0.119 0.018 0.035 0.237 0.062 0.043 0.068 0.053 0.047
SO3 0.068 0.080 0.019 0.047 0.015 0.033 0217 0.058 0.045 0.112 0.064 0.069
IN1 0.159 0.155 0.039 0.165 0.023 0.146 0.515 0.166 0.182 0.191 0.105 0.151
IN2 0.088 0.077 0.019 0.081 0.029 0.029 0.285 0.089 0.077 0.144 0.053 0.091
IN3 0.100 0.128 0.029 0.138 0.024 0.060 0.140 0.113 0.083 0.110 0.055 0.075
IN4 0.099 0.116 0.026 0.120 0.029 0.083 0372 0.058 0.112 0.120 0.056 0.086
INS 0.086 0.087 0.020 0.099 0.025 0.064 0319 0.104 0.043 0.157 0.072 0.101
TE1 0.085 0.058 0.014 0.103 0.018 0.041 0.193 0.067 0.059 0.055 0.068 0.108
TE2 0.062 0.046 0.011 0.082 0.014 0.030 0.148 0.050 0.060 0.127 0.024 0.094
TE3 0.071 0.051 0.012 0.082 0.017 0.037 0.162 0.063 0.053 0.139 0.072 0.036
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Appendix C. Binary reachability matrix M at the optimal threshold a* = 0.156.

M EC1 SO1 SO2 SO3 IN1 IN2 IN3 IN4 INS TE1 TE2 TE3
ECl1 1 0 0 0 0 0 1 0 0 0 0 0
SO1 0 1 0 0 0 0 1 0 0 0 0 0
SO2 0 0 1 0 0 0 1 0 0 0 0 0
SO3 0 0 0 1 0 0 1 0 0 0 0 0
IN1 1 0 0 1 1 0 1 1 1 1 0 0
IN2 0 0 0 0 0 1 1 0 0 0 0 0
IN3 0 0 0 0 0 0 1 0 0 0 0 0
IN4 0 0 0 0 0 0 1 1 0 0 0 0
INS 0 0 0 0 0 0 1 0 1 1 0 0
TE1 0 0 0 0 0 0 1 0 0 1 0 0
TE2 0 0 0 0 0 0 0 0 0 0 1 0
TE3 0 0 0 0 0 0 1 0 0 0 0 1

Appendix D. Level partition of barriers for ISM hierarchy.
Barrier | Reachability Set R(i) Antecedent Set A(i) Iteration Level
IN3 {IN3} {EC1, SO1, SO2, SO3, IN1, IN2, IN3, IN4, INS, TE1, TE3} 1 1
TE2 ({TE2} (TE2} 1 1
ECI (ECI, IN3} {ECI, IN1} 2 2
IN2 {IN2, IN3} (IN2} 2 2
N4 {IN3, IN4} {IN1, IN4} 2 2
SOl (SO, IN3} (SO1} 2 2
SO2 {SO2, IN3} {SO2} 2 2
SO3 {SO3, IN3} {SO3, IN1} 2 2
TE1 {IN3, TE1} {IN1, IN5, TEL} 2 2
TE3 {IN3, TE3} {TE3} 2 2
IN5 {IN3, IN5, TE1} {IN1, IN5} 3 3
IN1 {EC1, SO3, IN1, IN3, IN4, IN5, TE1} {IN1} 4 4

Conflicts of Interest
The authors declare no conflicts of interest.

Acknowledgments

The authors wish to express their sincere gratitude to the anonymous reviewers, whose valuable comments and constructive
suggestions have significantly enhanced the quality and rigor of this paper. We are equally thankful to all those who generously
shared their feedback and thoughtful insights during the course of this research; their contributions have been instrumental in
refining and completing the work.

Al Disclosure
The author(s) declare that no assistance is taken from generative Al to write this article.

References

Aczél,J., & Saaty, T.L. (1983). Procedures for synthesizing ratio judgements. Journal of Mathematical Psychology,
27(1),93-102. https://doi.org/10.1016/0022-2496(83)90028-7

Agarwal,S., Saxena,K.K., Agrawal, V., Dixit,J K., Prakash, C., Buddhi, D., & Mohammed, K.A. (2022). Prioritizing
the barriers of green smart manufacturing using AHP in implementing industry 4.0: a case from the Indian
automotive industry. The TOM Journal, 36(1), 71-89. https://doi.org/10.1108/tqm-07-2022-0229

Agrawal, A., Adishree, A., Tarei, P.K., & Gangadhari, R K. (2025). Analysing performance barriers to the large-scale
adoption of green hydrogen in the Indian landscape. International Journal of Productivity and Performance
Management, 74(4), 1145-1171. https://doi.org/10.1108/ijppm-10-2024-0739

1582 | Vol. 11, No. 4,2026


https://doi.org/10.1016/0022-2496(83)90028-7
https://doi.org/10.1108/TQM-07-2022-0229
https://doi.org/10.1108/ijppm-10-2024-0739

Hien et al.: A Swarm Intelligence-Driven Decision Support Framework for Adaptive ...

Ahmad, K., Islam, M.S., Jahin, M.A., & Mridha, M.F. (2024). Analysis of internet of things implementation barriers
in the cold supply chain: an integrated ISM-MICMAC and DEMATEL approach. PLOS ONE, 19(7),e0304118.
https://doi.org/10.1371/journal.pone.0304118

Akbari, M., & Henteh, M. (2019). Comparison of genetic algorithm (GA) and particle swarm optimization algorithm
(PSO) for discrete and continuous size optimization of 2D truss structures. Journal of Soft Computing in Civil
Engineering, 3(2), 76-97. https://doi.org/10.22115/scce.2019.195713.1117

Algahtani, A.Y., & Makki, A.A. (2023). A DEMATEL-ISM integrated modeling approach of influencing factors
shaping destination image in the tourism industry. Administrative Sciences, 13(9), 201.
https://doi.org/10.3390/admsci13090201

Batwara, A., Sharma, V., & Makkar, M. (2024). Prioritization of the approaches for overcoming smart sustainable
manufacturing barriers using stochastic fuzzy EDAS method. International Journal on Interactive Design and
Manufacturing, 19(3), 1927-1949. https://doi.org/10.1007/s12008-024-01891-2

Boukrouh, I, Tayalati, F., & Azmani, A. (2024). A comprehensive framework for supplier selection: usingsubjective,
objective, and hybrid multi-criteria decision-making techniques with sensitivity analysis. /EEE Access, 12,
145550-145569. https://doi.org/10.1109/access.2024.3462348

Cao, J., & Solangi, Y.A. (2023). Analyzing and prioritizing the barriers and solutions of sustainable agriculture for
promoting  sustainable  development goals in  China.  Sustainability, 15(10), 8317.
https://doi.org/10.3390/sul5108317

Chanchaichujit, J., Balasubramanian, S., & Shukla, V. (2024). Barriers to industry 4.0 technology adoption in
agricultural supply chains: a fuzzy Delphi-ISM approach. International Journal of Quality & Reliability
Management, 41(7), 1942-1978. https://doi.org/10.1108/ijqrm-07-2023-0222

Chen, J.K. (2021). Improved DEMATEL-ISM integration approach for complex systems. PLOS ONE, 16(7),
€0254694. https://doi.org/10.1371/journal.pone.0254694

Chen, P., Cai, B.,, Wu, M., & Zhao, Y. (2022). Obstacle analysis of the application of blockchain technology in power
data trading based on the improved DEMATEL-ISM method under a fuzzy environment. Energy Reports, 8,
4589-4607. https://doi.org/10.1016/j.egyr.2022.03.043

Chi, M., Ren, S., Xu, Y., Chen, Y., & Wu, Y. (2025). Critical success factors for metaverse implementation in
the service industry: A hybrid ISM-DEMATEL approach. Journal of Retailing and Consumer Services, 87,
104424, https://doi.org/10.1016/j.jretconser.2025.104424

Chirra, S., & Raut, R. (2025). Critical success factors for sustainable supply chain flexibility. Global Journal of
Flexible Systems Management, 26(3),491-513. https://doi.org/10.1007/s40171-025-00451-1

Choudhary, S., Kumar, A., Luthra, S., Garza-Reyes, J.A., & Nadeem, S.P. (2020). The adoption of environmentally
sustainable supply chain management: measuringthe relative effectiveness ofhard dimensions. Business Strategy
and the Environment, 29(8), 3104-3122. https://doi.org/10.1002/bse.2560

Cui, H,, Dong, S., Hu, J., Chen, M., Hou, B., Zhang, J., Zhang, B., Xian, J., & Chen, F. (2023). A hybrid MCDM
model with Monte Carlo simulation to improve decision-making stability and reliability. Information Sciences,
647,119439. https://doi.org/10.1016/j.ins.2023.119439

Dao, T.A., Thai, V.T., & Nguyen, N.V. (2020). The domestic rice value chain in the mekong delta. In: Cramb, R. (ed)
White Gold: The Commercialisation of Rice Farming in the Lower Mekong Basin. Springer Nature, Singapore,
pp- 375-395. https://doi.org/10.1007/978-981-15-0998-8 18

Das, D., Datta, A., Kumar, P., Kazancoglu, Y., & Ram, M. (2021). Building supply chain resilience in the era of
COVID-19: an AHP-DEMATEL approach. Operations Management Research, 15(1), 249-267.
https://doi.org/10.1007/s12063-021-00200-4

1583 | Vol. 11, No. 4,2026


https://doi.org/10.1371/journal.pone.0304118
https://doi.org/10.22115/scce.2019.195713.1117
https://doi.org/10.3390/admsci13090201
https://doi.org/10.1007/s12008-024-01891-2
https://doi.org/10.1109/access.2024.3462348
https://doi.org/10.3390/su15108317
https://doi.org/10.1108/IJQRM-07-2023-0222
https://doi.org/10.1371/journal.pone.0254694
https://doi.org/10.1016/j.egyr.2022.03.043
https://doi.org/10.1007/s40171-025-00451-1
https://doi.org/10.1002/bse.2560
https://doi.org/10.1016/j.ins.2023.119439
https://doi.org/10.1007/978-981-15-0998-8_18
https://doi.org/10.1007/s12063-021-00200-4

Hien et al.: A Swarm Intelligence-Driven Decision Support Framework for Adaptive ...

Das, P., Amin, SM.M., Lipu, M.S.H., Urooj, S., Ashique, R.H., Al Mansur, A., & Islam, M.T. (2023). Assessment of
barriers to wind energy development using analytic hierarchy process. Sustainability, 15(22), 15774.
https://doi.org/10.3390/su152215774

Dhingra, S., Raut, R.D., Yadav, V.S., Cheikhrouhou, N., & Naik, B.K.R. (2025). Blockchain adoption challenges in
the healthcare sector: a waste management perspective. Operations Management Research, 18(2), 518-536.
https://doi.org/10.1007/s12063-023-00413-9

Dinh,N.C., Mizunoya, T., Ha, V.H., Hung, P.X., Tan,N.Q., & An, L.T. (2023). Factors influencing farmer intentions
to scale up organic rice farming: preliminary findings from the context of agricultural production in Central
Vietnam. Asia-Pacific Journal of Regional Science, 7(3), 749-774. https://doi.org/10.1007/s41685-023-00279-6

Dixit, A., Suvadarshini, P., & Pagare, D.V. (2024). Analysis of barriers to organic farming adoption in developing
countries: a grey-DEMATEL and ISM approach. Journal of Agribusiness in Developing and Emerging
Economies, 14(3),470-495. https://doi.org/10.1108/jadee-06-2022-0111

Dorigo, M., & Stitzle, T. (2004). Ant colony optimization. MIT Press, Cambridge, USA.
https://doi.org/10.7551/mitpress/1290.001.0001

Ebrahimi, M., Daneshvar, A., & Valmohammadi, C. (2024). Using a comprehensive DEMATEL-ISM-MICMAC and
importance-performance analysis to study sustainable service quality features. Journal of Economic and
Administrative Sciences, 41(5),2093-2113. https://doi.org/10.1108/jeas-05-2023-0114

Fu, Y., Liu, D., Chen, J., & He, L. (2024). Secretary bird optimization algorithm: a new metaheuristic for solving
global optimization problems. Artificial Intelligence Review, 57(5), 123. https://doi.org/10.1007/s10462-024-
10729-y

Gabus, A., & Fontela,E. (1972). World problems, an invitation to furtherthought within the framework of DEMATEL.
Battelle Geneva Research Center.

Gholipoor, P. (2021). Identifying and ranking green manufacturing barriers by using MCDM methods.
Interdisciplinary Environmental Review, 21(2),101-126. https://doi.org/10.1504/ier.2021.117801

Gkrimpizi, T., Peristeras, V., & Magnisalis, L. (2023). Classification of barriers to digital transformation in higher
education institutions:  systematic literature review.  FEducation  Sciences, 13(7), 746.
https://doi.org/10.3390/educscil3070746

Gupta, H., & Barua, M.K. (2018). A framework to overcome barriers to green innovation in SMEs using BWM and
fuzzy TOPSIS. Science of the Total Environment, 633,122-139. https://doi.org/10.1016/j.scitotenv.2018.03.173

Hamby, D.M. (1994). A review of techniques for parameter sensitivity analysis of environmental models.
Environmental Monitoring and Assessment, 32(2), 135-154. https://doi.org/10.1007/bf00547132

He,P., Lu, F., Sun,R., & Zhang,Z. (2025). Examininginfluencing factors and their hierarchical relationships in flight
crew resilient behavior through a hybrid ISM-DEMATEL approach. Scientific Reports, 15(1), 1606.
https://doi.org/10.1038/s41598-025-85990-4

Helton, J.C., & Davis, F.J. (2003). Latin hypercube sampling and the propagation of uncertainty in analyses of
complex systems. Reliability Engineering & System Safety, 81(1), 23-69. https://doi.org/10.1016/s0951-
8320(03)00058-9

Hien, TN.T., Amm-dee, N., & Inthawongse, C. (2024). Analysis of trends and applications of multi-criteria decision-
making  methods.  Journal of  Science  Quy  Nhon University,  18(6), 135-145.
https://doi.org/10.52111/qnjs.2024.18611

Hoang, H.G. (2021). Determinants of adoption of organic rice production: a case of smallholder farmers in Hai Lang
district of Vietnam. International Journal of Social Economics, 48(10), 1463-1475. https://doi.org/10.1108/ijse-
03-2021-0147

1584 | Vol. 11, No. 4,2026


https://doi.org/10.3390/su152215774
https://doi.org/10.1007/s12063-023-00413-9
https://doi.org/10.1007/s41685-023-00279-6
https://doi.org/10.1108/jadee-06-2022-0111
https://doi.org/10.7551/mitpress/1290.001.0001
https://doi.org/10.1108/JEAS-05-2023-0114
https://doi.org/10.1007/s10462-024-10729-y
https://doi.org/10.1007/s10462-024-10729-y
https://doi.org/10.1504/IER.2021.117801
https://doi.org/10.3390/educsci13070746
https://doi.org/10.1016/j.scitotenv.2018.03.173
https://doi.org/10.1007/BF00547132
https://doi.org/10.1016/S0951-8320(03)00058-9
https://doi.org/10.1016/S0951-8320(03)00058-9
https://doi.org/10.52111/qnjs.2024.18611
https://doi.org/10.1108/ijse-03-2021-0147
https://doi.org/10.1108/ijse-03-2021-0147

Hien et al.: A Swarm Intelligence-Driven Decision Support Framework for Adaptive ...

Holling, C.S. (1973). Resilience and stability of ecological systems. Annual Review of Ecology, Evolution, and
Systematics, 4, 1-23. https://doi.org/10.1146/annurev.es.04.110173.000245

Huang, W., Li, H., Yin, Y., Zhang, Z., Xie, A., Zhang, Y., & Cheng, G. (2024). Node importance identification of
unweighted urban rail transit network: an adjacency information entropy based approach. Reliability Engineering
& System Safety, 242, 109766. https://doi.org/10.1016/j.ress.2023.109766

Hurley, N., & Rickard, S.(2009). Comparingmeasures of sparsity. [EEE Transactions on Information Theory, 55(10),
4723-4741. https://doi.org/10.1109/1it.2009.2027527

Hyndman, R.J., & Koehler, A.B. (2006). Another look at measures of forecast accuracy. International Journal of
Forecasting, 22(4), 679-688. https://doi.org/10.1016/].ijforecast.2006.03.001

Jahan, A., & Edwards, K.L. (2015). A state-of-the-art survey on the influence of normalization techniques in ranking,
Materials & Design, 65,335-342. https://doi.org/10.1016/j.matdes.2014.09.022

Jena,R.K., & Dwivedi, Y. (2021). Prioritizing the barriers to tourism growth in rural India: an integrated multi -criteria
decision making (MCDM) approach. Journal of Tourism Futures, 9(3),393-416. https://doi.org/10.1108/jtf-10-
2020-0171

Karaboga, D. (2005). An idea based on honey bee swarm for numerical optimization. Erciyes University, Kayseri,
Turkey.

Kavre, M.S., Sunnapwar, V.K., & Gardas, B.B. (2024). Analysing hindrances to digital disruption with a focus on
cleaner cloud manufacturing. Kybernetes, 54(10), 5422-5440. https://doi.org/10.1108/k-09-2023-1821

Kennedy, J., & Eberhart, R. (1995). Particle swarm optimization. In /995 International Conference on Neural
Networks (Vol. 4, pp. 1942-1948). IEEE. Perth, Australia. https://doi.org/10.1109/icnn.1995.488968

Khan, S., Khan, M.L,, & Haleem, A. (2018). Evaluation of barriers in the adoption of halal certification: a fuzzy
DEMATEL approach. Journal of Modelling in Management, 14(1), 153-174. https://doi.org/10.1108/jm2-03-
2018-0031

Khasawneh, M.A., & Dweiri, F. (2024). Analyzing the digital infrastructure enabling project management success: a
hybrid FAHP-FTOPSIS approach. Applied Sciences, 14(17), 8080. https://doi.org/10.3390/app14178080

Kumar, A., & Dixit, G. (2018). An analysis of barriers affecting the implementation of e -waste management practices
in India: a novel ISM-DEMATEL approach. Sustainable Production and Consumption, 14, 36-52.
https://doi.org/10.1016/j.spc.2018.01.002

Kumar, G., Bhujel, R.C., Aggarwal, A., Gupta, D., Yadav, A., & Asjad, M. (2023). Analyzing the barriers for
aquaponics adoption using integrated BWM and fuzzy DEMATEL approach in Indian context. Environmental
Science and Pollution Research, 30(16),47800-47821. https://doi.org/10.1007/s11356-023-25561-0

Kustiyahningsih, Y., Rahmanita, E., Purbandini, A., Rachmad, A., & Purnama, J. (2021). Integration interval type-2
FAHP-FTOPSIS group decision-making problems for salt farmer recommendation. Communications in
Mathematical Biology and Neuroscience, 92, 1-24. https://doi.org/10.28919/cmbn/6930

Lalita, D., Kumar, S., & Dash, M.K. (2025). Breaking down barriers: strategic approaches and prioritization for
renewable energy adoption in the MSMEs sector. Kybernetes, 55(7),2979-3007. https://doi.org/10.1108/K-11-
2024-3142

Li, C., & Tzeng, G. (2009). Identification of a threshold value for the DEMATEL method using the maximum mean
de-entropy algorithm to find critical services provided by a semiconductor intellectual property mall. Expert
Systems with Applications, 36(6), 9891-9898. https://doi.org/10.1016/j.eswa.2009.01.073

Li, T., & Fei, L. (2025). Exploring obstacles to the use of unmanned aerial vehicles in emergency rescue: a BWM -
DEMATEL approach. Technology in Society, 81, 102863. https://doi.org/10.1016/j.techsoc.2025.102863

1585|Vol. 11, No. 4,2026


https://doi.org/10.1146/annurev.es.04.110173.000245
https://doi.org/10.1016/j.ress.2023.109766
https://doi.org/10.1109/tit.2009.2027527
https://doi.org/10.1016/j.ijforecast.2006.03.001
https://doi.org/10.1016/j.matdes.2014.09.022
https://doi.org/10.1108/JTF-10-2020-0171
https://doi.org/10.1108/JTF-10-2020-0171
https://doi.org/10.1108/K-09-2023-1821
https://doi.org/10.1108/JM2-03-2018-0031
https://doi.org/10.1108/JM2-03-2018-0031
https://doi.org/10.3390/app14178080
https://doi.org/10.1016/j.spc.2018.01.002
https://doi.org/10.1007/s11356-023-25561-0
https://doi.org/10.1108/K-11-2024-3142
https://doi.org/10.1108/K-11-2024-3142
https://doi.org/10.1016/j.eswa.2009.01.073
https://doi.org/10.1016/j.techsoc.2025.102863

Hien et al.: A Swarm Intelligence-Driven Decision Support Framework for Adaptive ...

Lopez-Ibafiez, M., Stiitzle, T., & Dorigo, M. (2018). Ant Colony Optimization: acomponent-wise overview. In: Marti,
R., Pardalos, P., Resende, M. (eds) Handbook of Heuristics. Springer, Cham, pp. 371-407.
https://doi.org/10.1007/978-3-319-07124-4 21

Lou, Y., Wang, L., & Chen, G. (2023). Structural robustness of complex networks: a survey of a posteriori measures
[feature]. IEEE Circuits and Systems Magazine, 23(1), 12-35. https://doi.org/10.1109/mcas.2023.3236659

Madaan, J., Gaur, GK., Mangla, S., & Gupta, S. (2023). MCDM approach for prioritizing barriers to improve
performance of sustainability-focused packaging supply chain. In 2023 8th International Conference on
Sustainable Information Engineering and Technology (pp. 446-453). ACM. Bali, Indonesia.
https://doi.org/10.1145/3626641.3629474

Mahdiyar, A., Mohandes, S.R., Durdyev, S., Tabatabaee, S., & Ismail, S. (2020). Barriers to green roof installation:
an integrated fuzzy-based MCDM approach. Journal of Cleaner Production, 269, 122365.
https://doi.org/10.1016/j.jclepro.2020.122365

Mahroum, S. (2015). Outcomes-oriented innovation policy design: an analytic-diagnostic framework. In: Hilpert, U.
(ed) Routledge Handbook of Politics and Technology (pp.449-461). Routledge.

Malek,J., & Desai, T.N. (2019). Prioritization of sustainable manufacturing barriers using best worst method. Journal
of Cleaner Production, 226, 589-600. https://doi.org/10.1016/].jclepro.2019.04.056

Meng, B., Lu, N., Lin, C., Zhang, Y., Si, Q., & Zhang, J. (2022). Study on the influencing factors of the flight
crew’s TSA based on DEMATEL-ISM method. Cognition, Technology & Work, 24(2), 275-289.
https://doi.org/10.1007/s10111-021-00688-7

Mohammadi, M., & Rezaei, J. (2020). Bayesian best-worst method: a probabilistic group decision making model.
Omega, 96,102075. https://doi.org/10.1016/j.omega.2019.06.001

Mohammadpour, M., Afrasiabi, A., & Yazdani, M. (2024). Identifying and prioritizing the barriers to TQM
implementation in food industries using group best-worst method (areal-world case study). International Journal
of Productivity and Performance Management, 73(10),3335-3362. https://doi.org/10.1108/ijppm-11-2023-0602

Moktadir, M.A., Kumar, A., Ali, SM., Paul, SK., Sultana, R., & Rezaei, J. (2020). Critical success factors for a
circular economy: implications for business strategy and the environment. Business Strategy and the
Environment, 29(8),3611-3635. https://doi.org/10.1002/bse.2600

Mostafaeipour, A., Alvandimanesh, M., Najafi, F., & Issakhov, A. (2021). Identifying challenges and barriers for
development of solar energy by using fuzzy best-worst method: a case study. Energy, 226, 120355.
https://doi.org/10.1016/j.energy.2021.120355

Munier, N., & Hontoria, E. (2021). Uses and limitations of the AHP method: a non-mathematical and rational
analysis. Springer, Cham, Switzerland. https://doi.org/10.1007/978-3-030-60392-2

Narkhede, B.E., Raut, R.D., Roy, M., Yadav, V.S., & Gardas, B. (2020). Implementation barriers to lean-agile
manufacturing systems for original equipment manufacturers: an integrated decision-making approach. The
International ~ Journal — of  Advanced  Manufacturing  Technology,  108(9-10),  3193-3206.
https://doi.org/10.1007/s00170-020-05486-5

Nash, J.F. (1950). The bargaining problem. Econometrica, 18(2), 155-162. https://doi.org/10.2307/1907266

Nguyen, P.H., Tran, T.H., & Nguyen, L.A.T. (2024). Overcoming barriers: a multi-level spherical fuzzy MCDM
approach to digital transformation in Vietnam’s agricultural supply chain. In 2024 International Conference on
Intelligent and Fuzzy Systems (pp. 393-404). Springer Nature Switzerland. Canakkale, Turkey.
https://doi.org/10.1007/978-3-031-67192-0_45

Nigam, J., Totakura, B.R., & Kumar, R. (2023). Assessment of barriers to canal irrigation efficiency for sustainable
harnessing of irrigation potential. Water, 15(14), 2558. https://doi.org/10.3390/w15142558

1586 | Vol. 11, No. 4,2026


https://doi.org/10.1007/978-3-319-07124-4_21
https://doi.org/10.1109/mcas.2023.3236659
https://doi.org/10.1145/3626641.3629474
https://doi.org/10.1016/j.jclepro.2020.122365
https://doi.org/10.1016/j.jclepro.2019.04.056
https://doi.org/10.1016/j.omega.2019.06.001
https://doi.org/10.1108/IJPPM-11-2023-0602
https://doi.org/10.1002/bse.2600
https://doi.org/10.1016/j.energy.2021.120355
https://doi.org/10.1007/978-3-030-60392-2
https://doi.org/10.1007/s00170-020-05486-5
https://doi.org/10.2307/1907266
https://doi.org/10.1007/978-3-031-67192-0_45
https://doi.org/10.3390/w15142558

Hien et al.: A Swarm Intelligence-Driven Decision Support Framework for Adaptive ...

Ojha, V.K,, Goyal, S., Chand, M., & Kumar, A. (2024). Investigating and modeling the critical barriers hindering the
adoption of data-driven decision making in advanced manufacturing systems. Journal of the Institution of
Engineers (India) Series C, 106(1),259-275. https://doi.org/10.1007/s40032-024-01147-8

Ou, L., Chen, Y., Zhang,J., & Ma, C. (2022). Dematel-ISM-based study of the impact of safety factors on urban rail
tunnel construction projects. Computational Intelligence and Neuroscience, 2022(1), 2222556.
https://doi.org/10.1155/2022/2222556

Pandey, V., Komal, N., & Dincer, H. (2025). Evaluating barriers and pathways to implement renewable energy
technologies in rural India: an application of pythagorean fuzzy AHP. OPSEARCH, 63, 818-86l.
https://doi.org/10.1007/s12597-025-00942-w

Percin, S. (2023). Identifying barriers to big data analytics adoption in circular agri-food supply chains: a case study
in Turkey. Environmental Science and Pollution Research International, 30(18), 52304-52320.
https://doi.org/10.1007/s11356-023-26091-5

Pimm, S.L. (1984). The complexity and stability of ecosystems. Nature, 307(5949), 321-326.
https://doi.org/10.1038/307321a0

Qian, Y., & Wang, H. (2023). Vulnerability assessment for port logistics system based on DEMATEL-ISM-BWM.
Systems, 11(12),567. https://doi.org/10.3390/systems11120567

Quayson, M., Bai, C., Sarkis, J., & Hossin, M.A. (2024). Evaluating barriers to blockchain technology for sustainable
agricultural supply chain: a fuzzy hierarchical group DEMATEL approach. Operations Management Research,
17(2), 728-753. https://doi.org/10.1007/s12063-024-00443-x

Raut, R., & Gardas, B.B. (2018). Sustainable logistics barriers of fruits and vegetables. Benchmarking: An
International Journal, 25(8),2589-2610. https://doi.org/10.1108/bij-07-2017-0166

Rezaei, J. (2015). Best-worst multi-criteria  decision-making method. Omega, 53, 49-57.
https://doi.org/10.1016/j.omega.2014.11.009

Rishabh, R., & Das, K.N. (2024). A critical review on metaheuristic algorithms based multi-criteria decision-making
approaches and applications. Archives of Computational Methods in Engineering, 32(2), 963-993.
https://doi.org/10.1007/s11831-024-10165-9

Saltelli, A., Ratto, M., Andres, T., Campolongo, F., Cariboni, J., Gatelli, D., Saisana, M., & Tarantola, S. (2008).
Global sensitivity analysis: the primer. John Wiley & Sons. https://doi.org/10.1002/9780470725184

Sanjalawe, Y., Al-E’mari, S., Abualhaj, M., Makhadmeh, S.N., Alsharaiah, M.A., & Hijazi, D.H. (2025). Recent
advances in secretary bird optimization algorithm, its variants and applications. Evolutionary Intelligence, 18(3),
65. https://doi.org/10.1007/s12065-025-01054-6

Shahedi, A., Dadashpour, 1., & Rezaei, M. (2023). Barriers to the sustainable adoption of autonomous vehicles in
developing countries: a multi-criteria  decision-making approach. Heliyon, 9(5), e15975.
https://doi.org/10.1016/j.heliyon.2023.e15975

Shahid, M.U., & Ali, M. (2025). Analyzing barriers to construction waste minimization and circular economy culture
in building projects using fuzzy DEMATEL. Scientific Reports, 15(1),39514. https://doi.org/10.1038/s41598-
025-23188-4

Shahin, V., Alimohammadlou, M., & Abbasi, A. (2024). Identifying and prioritizing the barriers to green innovation
in SMEs and the strategies to counteract the barriers: an interval-valued intuitionistic fuzzy approach.
Technological Forecasting and Social Change, 204,123408. https://doi.org/10.1016/j.techfore.2024.123408

Shannon, C.E. (1948). A mathematical theory of communication. The Bell System Technical Journal, 27(3),379-423.
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x

1587 | Vol. 11, No. 4,2026


https://doi.org/10.1007/s40032-024-01147-8
https://doi.org/10.1155/2022/2222556
https://doi.org/10.1007/s12597-025-00942-w
https://doi.org/10.1007/s11356-023-26091-5
https://doi.org/10.1038/307321a0
https://doi.org/10.3390/systems11120567
https://doi.org/10.1007/s12063-024-00443-x
https://doi.org/10.1108/bij-07-2017-0166
https://doi.org/10.1016/j.omega.2014.11.009
https://doi.org/10.1007/s11831-024-10165-9
https://doi.org/10.1002/9780470725184
https://doi.org/10.1007/s12065-025-01054-6
https://doi.org/10.1016/j.heliyon.2023.e15975
https://doi.org/10.1038/s41598-025-23188-4
https://doi.org/10.1038/s41598-025-23188-4
https://doi.org/10.1016/j.techfore.2024.123408
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x

Hien et al.: A Swarm Intelligence-Driven Decision Support Framework for Adaptive ...

Sheykhan, S., Boozary, P., GhorbanTanhaei, H., Behzadi, S., Rahmani, F., & Rabiee, M. (2024). Creatinga fuzzy
DEMATEL-ISM-MICMAC-fuzzy BWM model for the organization’s sustainable competitive advantage,
incorporating green marketing, social responsibility, brand equity and green brand image. Sustainable Futures,
8, 100280. https://doi.org/10.1016/j.sftr.2024.100280

Shi, X., Liu, Y., Ma, K., Gu, Z., Qiao, Y., Ni, G., Ojum, C., Opoku, A., & Liu, Y. (2024). Evaluation of risk factors
affecting the safety of coal mine construction projects using an integrated DEMATEL-ISM approach.
Engineering Construction & Architectural Management, 32(5), 3432-3452. https://doi.org/10.1108/ecam-02-
2023-0103

Singh, D., Singh, R.K., Sharma, A., & Rana, P.S. (2025). A combined AHP-DEMATEL model approach to build
tech-enabled resilient supply chain. Journal of Enterprise Information Management, 38(4), 1036-1059.
https://doi.org/10.1108/jeim-03-2023-0166

Singh, R., & Bhanot, N. (2019). An integrated DEMATEL-MMDE-ISM based approach for analysing the barriers of
IoT implementation in the manufacturing industry. International Journal of Production Research, 58(8),2454-
2476. https://doi.org/10.1080/00207543.2019.1675915

Solangi, Y.A., Longsheng, C., & Shah, S.A.A. (2021). Assessing and overcoming the renewable energy barriers for
sustainable development in Pakistan: an integrated AHP and fuzzy TOPSIS approach. Renewable Energy, 173,
209-222. https://doi.org/10.1016/j.renene.2021.03.141

Song, F., & Tong, S. (2022). Comprehensive evaluation of the transformer oil-paper insulation state based on RF-
combination weighting and an improved TOPSIS method. Global Energy Interconnection, 5(6), 654-665.
https://doi.org/10.1016/j.gloei.2022.12.007

Taherdoost, H., & Madanchian, M. (2023). Multi-criteria decision making (MCDM) methods and concepts.
Encyclopedia, 3(1), 77-87. https://doi.org/10.3390/encyclopedia3010006

Tang, Q.Y., & Lin, Y.X. (2025). Maximum entropy -minimumresidual model: an optimum solution to comprehensive
evaluation and multiple attribute decision making. Entropy, 27(2), 203. https://doi.org/10.3390/¢27020203

Tien, D.N., Hoang, H.G., & Sen, L.T.H. (2022). Understanding farmers' behavior regarding organic rice production
in Vietnam. Organic Agriculture, 12(1), 63-73. https://doi.org/10.1007/s13165-021-00380-0

Tofallis,C.(2014). Add or multiply? a tutorialon ranking and choosing with multiple criteria. INFORMS Transactions
on Education, 14(3), 109-119. https://doi.org/10.1287/ited.2013.0124

Trivedi, A., Jakhar, S K., & Sinha, D. (2021). Analyzing barriers to inland waterways as a sustainable transportation
mode in India: a DEMATEL-ISM based approach. Journal of Cleaner Production, 295, 126301.
https://doi.org/10.1016/j.jclepro.2021.126301

Uddin, S., Ali, S.M., Kabir, G., Suhi, S.A., Enayet, R., & Haque, T. (2019). An AHP-ELECTRE framework to
evaluate barriers to green supply chain management in the leather industry. International Journal of Sustainable
Development & World Ecology, 26(8), 732-751. https://doi.org/10.1080/13504509.2019.1661044

Van De Kaa, G., Janssen, M., & Rezaei, J. (2018). Standards battles for business-to-government data exchange:
identifying success factors for standard dominance using the best worst method. Technological Forecasting and
Social Change, 137, 182-189. https://doi.org/10.1016/j.techfore.2018.07.041

Wang, F., Zhang, H., & Zhou, A. (2021). A particle swarm optimization algorithm for mixed -variable optimization
problems. Swarm and Evolutionary Computation, 60, 100808. https://doi.org/10.1016/j.swevo0.2020.100808

Wang, Z., Nabavi, S.R., & Rangaiah, G.P. (2024). Multi-Criteria decision making in chemical and process
engineering: methods, progress, and potential. Processes, 12(11),2532. https://doi.org/10.3390/pr12112532

Warfield, J.N. (1974). Toward interpretation of complex structural models. /EEE Transactions on Systems, Man, and
Cybernetics, 4(5), 405-417. https://doi.org/10.1109/tsmc.1974.4309336

1588 | Vol. 11, No. 4,2026


https://doi.org/10.1016/j.sftr.2024.100280
https://doi.org/10.1108/ecam-02-2023-0103
https://doi.org/10.1108/ecam-02-2023-0103
https://doi.org/10.1108/jeim-03-2023-0166
https://doi.org/10.1080/00207543.2019.1675915
https://doi.org/10.1016/j.renene.2021.03.141
https://doi.org/10.1016/j.gloei.2022.12.007
https://doi.org/10.3390/encyclopedia3010006
https://doi.org/10.3390/e27020203
https://doi.org/10.1007/s13165-021-00380-0
https://doi.org/10.1016/j.jclepro.2021.126301
https://doi.org/10.1080/13504509.2019.1661044
https://doi.org/10.1016/j.techfore.2018.07.041
https://doi.org/10.1016/j.swevo.2020.100808
https://doi.org/10.3390/pr12112532
https://doi.org/10.1109/tsmc.1974.4309336

Hien et al.: A Swarm Intelligence-Driven Decision Support Framework for Adaptive ...

Wei, Q., Zhou, C., Liu, Q., Zhou, W., & Huang, J. (2023). A barrier evaluation framework for forest carbon sink
projectimplementation in China using an integrated BWM-IT2F-PROMETHEE Il method. Expert Systems with
Applications, 230, 120612, https://doi.org/10.1016/j.eswa.2023.120612

Wu, Y., Xu, M., Tao, Y., He, J., Liao, Y., & Wu, M. (2022). A critical barrier analysis framework to the development
of rural distributed PV in China. Energy, 245, 123277. https://doi.org/10.1016/j.energy.2022.123277

Xue, Y., Zhang, J., Zhang, Y., & Yu, X. (2024). Barrier assessmentof EV business model innovationin China: an
MCDM-based FMEA. Transportation Research Part D Transport and Environment, 136, 104404.
https://doi.org/10.1016/j.trd.2024.104404

Yadav,S., Luthra,S., & Garg, D. (2022). Internet ofthings (IoT) based coordination system in agri-food supply chain:
development of an efficient framework using DEMATEL-ISM. Operations Management Research, 15(1), 1-27.

https://doi.org/10.1007/s12063-020-00164-x

Yu,Y., Zhou,B., Chen, L., Gao, T., & Liu, J. (2022).Identifyingimportant nodes in complex networks based on node
propagation entropy. Entropy, 24(2),275. https://doi.org/10.3390/e24020275

Zeng,Z., Sun,Y., & Zhang, X. (2024). Entropy-based node importance identification method for public transportation
infrastructure  coupled networks: a case study of Chengdu. Entropy, 26(2), 159.
https://doi.org/10.3390/e26020159

Zhang,P., He, Y., Zhang, Y., Li, R., & Wu, B. (2026). Hierarchical analysis for construction risk factors of highway
engineering  based on DEMATEL-MMDE-ISM method.  Sustainability,  18(1), 116.
https://doi.org/10.3390/sul8010116

Zhao,G., Ye, C.,, Dennehy, D., Liu, S., Harfouche, A., & Olan, F. (2024). Analysis of barriers to adopting industry
4.0 to achieve agri-food supply chain sustainability: a group-based fuzzy analytic hierarchy process. Business
Strategy and the Environment, 33(8), 8559-8586. https://doi.org/10.1002/bse.3928

Zheng, C., Hu, Y., Zhang, C., Yu, W., Yao,H., Li, Y., Fan, C., & Cen, X. (2024). Optimizing the robustness of
higher-low order coupled networks. PLOS ONE, 19(3), ¢0298439.
https://doi.org/10.1371/journal.pone.0298439

Zheng, J., Ouyang, Y., Li, X., & Ye, F. (2023). A hierarchical structure model for blockchain technology adoption.
International Journal of Multicriteria Decision Making, 10(1), 33-57.
https://doi.org/10.1504/ijmdm.2024.135290

Original content of this work is copyright © Ram Arti Publishers. Uses under the Creative Commons Attribution 4.0 International (CC BY 4.0) license at
https://creativecommons.org/licenses/by/4.0/

Publisher’s Note- Ram Arti Publishers remains neutral regarding jurisdictional claims in published maps
and institutional affiliations.

1589 | Vol. 11, No. 4,2026


https://doi.org/10.1016/j.eswa.2023.120612
https://doi.org/10.1016/j.energy.2022.123277
https://doi.org/10.1016/j.trd.2024.104404
https://doi.org/10.1007/s12063-020-00164-x
https://doi.org/10.3390/e24020275
https://doi.org/10.3390/e26020159
https://doi.org/10.3390/su18010116
https://doi.org/10.1002/bse.3928
https://doi.org/10.1371/journal.pone.0298439
https://doi.org/10.1504/ijmdm.2024.135290


  m a x ( T )


  (   Z  w e i g h t e d = W × Z )


  C S ( 𝛼 )


  C S  ( 𝛼 ) =      (   R − C - )  c a u s e +    |   R − C - |  e f f e c t    N  a r r o w s ( 𝛼 )


    R  i =   ∑  j    T  i j


    C  i =   ∑  j    T  j i  


    R  i −   C  i > 0


    R  i −   C  i < 0


    N  A r r o w s  ( 𝛼 ) = { ( i , j ) :     T  i j ≥ 𝛼 ,   i ≠ j }


  L ( 𝛼 ) ∊ { 1 , 2 , … , n }


  M  ( 𝛼 ) =  [   T  i j ≥ 𝛼 ]


  L ( 𝛼 )


  [ 0 , 1 ]


    C S ~  ( 𝛼 ) =   C S  ( 𝛼 ) − C   S  m i n  C   S  m a x − C   S  m i n ,     L ~  ( 𝛼 ) =   L  ( 𝛼 ) −   L  m i n    L  m a x −   L  m i n


  C  S  m i n


  C  S  m a x


  CS ( 𝛼 )


   L  m i n


   L  m a x


  L ( 𝛼 )


  𝛼 ∈ [ 0 ,   m a x ( T ) ] .


  C S I  ( 𝛼 ) =    C S ~ ( 𝛼 ) ·   L ~  ( 𝛼 )


    𝛼 ∗  


    𝛼 ∗ = a r g     m a x ⏟  𝛼 ∊ [ 0 , m a x ⁡ ( T ) ] C S I ( 𝛼 )


  [ 0 , 1 ]


  C S I ( 𝛼 ) = 0


  ( C S ,   L )


  CSI


    (   R − C - )  c a u s e


     |   R − C - |  e f f e c t


    N  A r r o w s ( 𝛼 )


    N  A r r o w s > n


  ( 𝛼 ∈ [ 0 ,   m a x ( T ) ] )


    N  A r r o w s ( 𝛼 )


    M ∗


  R ( i ) ,   A ( i ) ,


  R  ( i ) ∩ A  ( i )


  𝛼 ∈ [ 0 ,   m a x ( T ) ] ,


    T  m = 100


  M a   x  i t e r


  t = 0


     C S ~  ( 𝛼 ) ·   L ~ ( 𝛼 )


  t <   T  m a x


    𝛼 ∗


    C S I ∗


    M ∗


  R  ( i ) =  { j :   M  i j = 1 }


  A  ( i ) =  { j :   M  j i = 1 }


  R ( i ) ∩ A ( i )


  R ( i ) ∩ A ( i ) = R ( i )


  a   ± 10 %


  N   =   100


  m × n


  I A − S S R  ( 𝛼 ) =   S  ( 𝛼 ) ·   H  n  ( 𝛼 ) · S p  ( 𝛼 )


  S  ( 𝛼 ) ∈ [ 0 , 1 ]


  H ₙ ( 𝛼 ) ∈ [ 0 , 1 ] :


  H ₙ ( 𝛼 ) = H ( 𝛼 ) / l o g ₂ ( n )


  H ( 𝛼 ) = − 𝛴 p ᵢ l o g ₂ p


  H ₙ ∈ [ 0 , 1 ]


  H ₙ = 0


  H ₙ = 1


  S p ( 𝛼 ) ∈ [ 0 , 1 ]


  S p ( 𝛼 ) = 1 −   N  A r r o w s / n ( n − 1 )


  S p = 1


  S p → 0


  N = 30


  I = 100


  𝛼 = 0 . 0110


  𝛼 = { 0 . 085 ,   0 . 110 ,   0 . 145 ,   0 . 150 ,   0 . 155 ,   0 . 160 ,   0 . 165 }


  𝛼 = 0 . 085


  𝛼 = 0 . 155


  𝛼 = 0 . 160


  𝛼 = 0 . 155


  𝛼 ∈ [ 0 . 01 ,   0 . 30 ]


    𝛼 ∗ = 0 . 156


  C S   I ∗ = 0 . 852


    𝑵  𝑨 𝒓 𝒓 𝒐 𝒘 𝒔


  p > 0 . 4


  S = 1


    H  n = 0


    S  p = 0


  N = 100


    𝑯  𝐧


    𝑺  𝐩


    H  n


    S  p


    N  A r r o w s


    H  n


    S  p


    𝛼 ∗ = 0 . 156


  M A E = 0 . 060


  R M S E = 0 . 072


    𝛼 ∗ = 0 . 154


  𝛼 ≈ 0 . 157


  C   S  n o r m


    L  n o r m


    L  n o r m


  C   S  n o r m


  C S I = 0 . 852


  C S I = 0 . 822


  𝛼 = 0 . 154


  𝑴 𝒂 𝒙  | ∆ 𝒘 |


   | 𝛥 w | = 0 . 0042


  w  ( S O 2 ) = 0 . 022


  𝛼 = 0 . 156


  −


  −


  R − C = + 1 . 739


  R + C = 2 . 255


  R + C = 2 . 039


  R − C = + 0 . 315


  R − C = − 0 . 129


  A ( E C 1 ) = { E C 1 ,   I N 1 }


  R + C = 2 . 241


  R − C = + 0 . 313


  R + C = 2 . 293


  R − C = − 0 . 556


  R − C = − 0 . 095


    R − C = − 0 . 408


  A ( S O 3 ) = { S O 3 ,   I N 1 }


  A ( S O 1 ) = { S O 1 }


  R − C = + 0 . 599


  w = 0 . 022


  R ( S O 2 ) = { S O 2 ,   I N 3 } ,


  R + C = 4 . 146


  R + C = 2 . 293


    𝛼 ∗ = 0 . 156


  R + C = 1 . 460


  R − C = + 0 . 036


    𝛼 ∗ = 0 . 156


    𝛼 ∗ = 0 . 156


  C S   I ∗ = 0 . 852


  𝛼 = 0 . 0110


    𝛼 ∗ = 0 . 156


  C S   I ∗ = 0 . 852


  C S I = 0 . 822


    𝛼 ∗ = 0 . 156


  𝛼


      M  i j = 1


    T  i j ≥   𝛼 ∗


    M  i i = 1


    M ∗

