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Abstract

In pharmaceutical logistics, supply chain replenishment policies must balance financial efficiency with systemic
resilience. Traditional policy selection relies on cost-centric multi-criteria decision-making (MCDM) frameworks that
are susceptible to qualitative biases and hierarchical mathematical distortion. This study proposes a Human-in-the-Loop
(HITL) Z-Number SWOT-VIKOR framework, synergizing human strategic governance with Al computational
scalability. Human experts establish macro-strategic SWOT weights via the F-CIMAS method, while Large Language
Models (LLMs) determine micro-operational weights anchored in CRITIC data variance. Evaluating nine Vendor-
Managed Inventory (VMI) policies under stochastic demand, the extended VIKOR algorithm proposed a compromise
set of four policies, governed by the hybrid SMT-SSP policy (Q; = 0.000) which strictly minimized individual regret
(R = 0.0556). Methodologically, this study contributes the novel "Strategic Modulation" mechanism, successfully
resolving the internal "erasure effect" of classical hierarchical MCDM. By dynamically scaling baseline weights rather
than applying strict categorical normalization, this mechanism preserved intrinsic data variance, preventing a
statistically significant rank distortion (p = 0.950,p < 0.01) in mid-tier policies. Furthermore, external mathematical
benchmarking against TOPSIS and SAW algorithms proved that VIKOR's non-compensatory regret-minimization is
strictly necessary for pharmaceutical logistics. The framework provides supply chain managers with a mathematically
protected, bias-resistant blueprint for strategic decision-making in high-stakes healthcare environments.

Keywords: Human-in-the-Loop (HITL), Large Language Models (LLM), Multi-Criteria Decision Making (MCDM)),
Pharmaceutical Inventory Routing, Supply Chain Resilience, Z-VIKOR.

1. Introduction architectures: should they adopt computationally light,

. . . ic (s’ licies that lack i i
In the highly constrained domain of healthcare static (svS) policies that lack responsiveness, or migrate

. . . .. toward sophisticated predictive-opportunistic algorithms
logistics, pharmaceutical supply chains represent a critical

that promise Pareto optimality but may exhibit systemic

optimization frontier where the standard logistical
objectives of cost and speed are rigidly bound by the
ethical mandate of patient safety [1]. Consequently, the
operationalization of Vendor-Managed Inventory (VMI)
networks has evolved beyond simple replenishment
scheduling into a complex strategic decision-making
landscape fraught with environmental stochasticity [2].
Supply chain managers are perpetually confronted with a

structural dilemma regarding replenishment policy

fragility under demand shocks? [3]

While recent operational research has produced
significant algorithmic innovations to solve the Stochastic
Inventory Routing Problem (SIRP), the existing literature
predominantly treats policy selection as a single-objective
cost-minimization exercise (e.g., [4], [5], [6]). This
paradigm is profoundly inadequate for the modern
pharmaceutical landscape, where systemic resilience and
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operational robustness are equally, if not more, critical
than baseline financial efficiency [7], [8]. Evaluating the
trade-offs between a policy's economic efficiency
(Opportunity/Strength) and its sensitivity to supply chain
stress (Threat/Weakness) inherently constitutes a multi-
criteria problem that requires rigorous strategic
governance [9], [10], [11].

To navigate these multidimensional trade-offs, Multi-
Criteria Decision Making (MCDM) methods integrated
with SWOT (Strengths, Weaknesses, Opportunities,
Threats) analysis are widely employed [12]. However,
traditional MCDM approaches in this context present
three critical methodological lacunae. First, SWOT is
overwhelmingly utilized as a qualitative, descriptive
heuristic, lacking the mathematical hierarchy necessary to
interface with quantitative operational simulation data
[13], [14]. Second, flat MCDM frameworks fail to
contextually group criteria, allowing localized operational
(e.g., costs)
overshadow overarching strategic imperatives (e.g.,
systemic resilience) [15]. Third, the elicitation of

metrics transport to mathematically

subjective criteria weights conventionally relies on panels
of human domain experts; a process that is notoriously
slow, costly, and susceptible to cognitive biases such as
availability bias or groupthink [16], [17].

Beyond these limitations, existing hierarchical
MCDM structures impose strict internal normalization
constraints, which can inadvertently erase intrinsic data
variance when integrating externally derived weights. To
address this overlooked issue, this study introduces a
controlled relaxation mechanism that preserves
operational heterogeneity while maintaining strategic

coherence.

The recent emergence of Large Language Models
(LLMs) offers a transformative paradigm shift, enabling
the deployment of generative Al as in silico reasoning
agents to simulate expert heuristic trade-offs [18].
Musbah and Badi demonstrated that an LLM-Assisted
Multi-Agent System, fortified with Z-numbers to mitigate
epistemic uncertainty, can successfully elicit logically
consistent operational weights in pharmaceutical supply
chains [19]. Nevertheless, delegating high-level strategic
governance entirely to autonomous Al agents introduces
severe legal and ethical accountability concerns, often
aversion

triggering  algorithmic among healthcare

stakeholders [20]. While LLMs excel at processing micro-

level operational trade-offs and reducing cognitive
fatigue, macro-level strategic risk assessment inherently
demands human intuition and accountability [21].

To bridge these converging gaps, this study proposes
an innovative Human-in-the-Loop (HITL) Z-Number
SWOT-VIKOR  framework. = This = methodology
fundamentally  transforms policy selection by
operationalizing SWOT as a Two-Tier Hierarchical
mathematical structure. In the first tier (Macro-Strategic),
a small panel of human experts defines the overarching
strategic direction by weighting the core SWOT groups,
thereby maintaining human accountability. In the second
tier (Micro-Operational), the framework integrates the
LLM-elicited Z-number weights derived from Musbah
and Badi [19] to handle the granular operational criteria,
effectively eliminating human cognitive overload.
Finally, the extended Z-VIKOR method is utilized to
aggregate these hierarchical inputs with high-fidelity
simulation data, identifying the optimal compromise
policy that minimizes individual regret [22].

To systematically navigate these intersecting
theoretical and operational gaps, this study is driven by
two explicit research

RQ1: How can human macro-strategic
mathematically integrated with Al-generated operational
micro-weights without triggering the hierarchical "erasure
effect" that distorts data
RQ2: Under this synthesized evaluation framework,

which VMI policy architecture demonstrates the highest

questions:
intent be

objective variance?

structural resilience and dominance stability when
subjected to extreme stochastic demand shocks?

The core contributions of this research are threefold:
(1) pioneering a hybrid HITL-MCDM architecture that
human strategic with  LLM
computational scalability; (2) transforming SWOT from a
qualitative heuristic into a mathematically rigorous, two-

synergizes vision

tier diagnostic filter; and (3) empirically demonstrating
that hybrid predictive-opportunistic policies (e.g., SMT-
SSP) achieve "dominance stability" by leveraging spatial
opportunism to buffer against environmental threats; (4)
introducing a controlled relaxation mechanism for
hierarchical weighting structures that resolves the
"erasure effect" associated with strict normalization in
single-criterion SWOT groups, thereby preserving the
fidelity of hybrid Al-data weights.
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2. Literature Review

This section critically examines four converging
streams of literature to establish the theoretical foundation
and the specific research gap addressed by this study.

2.1. Pharmaceutical Inventory Routing and the
Resilience Imperative

The Pharmaceutical Inventory Routing Problem (P-
IRP) constitutes a highly constrained subclass of
traditional routing problems, distinguished by strict
regulatory compliance, perishability, and an absolute
intolerance for stockouts [23]. In conventional retail
models, stockouts result merely in financial penalties; in
healthcare logistics, service failures directly compromise
patient safety [24], [25]. Consequently, the objective
function in P-IRP literature has progressively expanded
from pure cost minimization to multi-objective
frameworks incorporating service level maximization and
risk mitigation [26]. While recent simulation-optimization
studies demonstrate that dynamic and predictive-
opportunistic ~ hybrid policies  outperform  rigid
static (s’ S) rules, the literature predominantly evaluates
policies based on average-case performance [27]. This
fundamentally neglects strategic robustness—the
structural capacity of a policy to absorb environmental
shocks without catastrophic degradation. Selecting an
optimal policy, therefore, requires an
framework capable of balancing financial efficiency

evaluation

against structural resilience.

2.2. Strategic MCDM: The Transition to
Hierarchical SWOT-VIKOR

Evaluating competing supply chain architectures is an
problem. The SWOT
framework is one of the most ubiquitous tools for strategic
planning. However, traditional SWOT analysis is heavily

inherently multidimensional

criticized in operations research for its qualitative nature
and inability to mathematically resolve trade-offs between
competing factors [28]. While researchers have developed
quantitative hybrid models (e.g., A'WOT), these
approaches typically employ "flat" MCDM structures
where all criteria are evaluated simultaneously [29]. Even
when hierarchical frameworks are attempted, earlier
models critically suffer from what we conceptualize as the

"erasure effect." By enforcing strict internal categorical
normalization (e.g., as fundamentally critiqued in
classical models by [30], [31]), these traditional
frameworks artificially force localized criteria within
single-metric groups to a mathematical weight of 1.0. This
structural rigidity inadvertently obliterates carefully
elicited data variance, creating a theoretical void for
mechanisms capable of softening hierarchical boundaries
without losing strategic control. This flat structure
frequently allows highly variant cost metrics to
overshadow critical resilience indicators. Furthermore,
existing studies typically default to the TOPSIS method
for final ranking [32]. While TOPSIS identifies the
solution closest to a hypothetical ideal, the VIKOR
method provides a superior analytical alternative for risk-
averse environments [33], [34]. VIKOR specifically
calculates a compromise ranking that ensures "maximum
group utility" alongside "minimum individual regret"
[35]—a non-negotiable theoretical
pharmaceutical logistics where minimizing "regret"
equates to preventing life-threatening stockouts.

requirement in

2.3. LLMs and Z-Numbers in Decision Theory

The wvalidity of any MCDM framework relies
unequivocally on the accuracy of its criteria weights [36],
[37]. Eliciting these weights traditionally mandates
convening panels of senior human experts, creating
significant bottlenecks due to expert scarcity and
cognitive fatigue during extensive pairwise comparisons
[38], [39]. The advent of Large Language Models (LLMs)
offers a scalable solution [40]. Recent literature
distinguishes between utilizing LLMs as knowledge
retrieval engines and deploying them as autonomous
reasoning agents [41]. In a foundational study, Musbah
and Badi proved that LLMs, when constrained by zero-
shot Chain-of-Thought prompting, can simulate expert
heuristic trade-offs in pharmaceutical supply chains [19].
To safeguard against Al "hallucination," their framework
integrated Zadeh’s Z-numbers, which
mathematically dampen preference intensity based on the

successfully

Al's probabilistic confidence [42]. This innovation
provided a robust, mathematically sound mechanism for
human

extracting without

intervention.

operational ~ weights
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2.4. The Case for Human-in-the-Loop (HITL)
Cognitive Frameworks

Despite the algorithmic efficiency of Al agents,
delegating macro-level strategic governance entirely to
LLMs faces significant resistance in high-stakes sectors
[43], [44]. This phenomenon is universally acknowledged
across critical operations outside of healthcare. Recent
cross-disciplinary studies emphasize that Human-in-the-
Loop (HITL) paradigms are the required gold standard for
maintaining strategic accountability. For instance,
Borghoff et al. [45] demonstrate via system-theoretical
approaches that in the age of Agentic Al, "Centaurian"
systems—which integrate human and artificial
intelligence for unified decision-making—are vastly
superior to pure Multi-Agent Systems (MAS) for
preventing unaligned autonomous actions. Similarly,
Yang et al. [46] emphasize the necessity of human-guided
continual learning in high-stakes autonomous driving,
proving that driver-in-the-loop architectures are essential
for personalized, safe decision-making. Drawing from
Human-Computer Interaction (HCI) and decision theory
[47], these HITL frameworks propose a vital cognitive
division of labor: Al agents handle high-volume, granular
computations (reducing human cognitive load), while
human experts retain authority over macro-level strategic
alignment and ethical accountability [48], [49], [50]. In
the context of strategic MCDM, applying a HITL
approach to SWOT analysis represents a critical, yet
unexplored, methodological frontier. Furthermore, the
structural sequence of human-Al interaction is critical. As
Agudo et al. [51], empirically demonstrated, human
decision-makers are highly susceptible to automation
bias—experiencing reduced accuracy—when presented
with algorithmic support before forming their
independent judgments. This strongly validates our
decoupled two-tier architecture, which intentionally
isolates the human macro-strategic weighting (Tier 1)
from the Al's micro-operational computations (Tier 2) to
proactively prevent algorithmic anchoring and ensure
untainted strategic accountability.

2.5. Research Gap and Positioning

A critical synthesis of the literature reveals a distinct
methodological gap: there is currently no integrated
framework that combines human strategic accountability

with Al computational efficiency to evaluate simulation-
based operational policies. Prior studies either focus
exclusively on algorithmic tuning, rely entirely on biased
human panels, or deploy autonomous Al agents without
macro-level strategic constraints. This study explicitly
bridges this gap. By developing a Two-Tier HITL Z-
SWOT-VIKOR framework, we combine the operational
LLM weights derived by Musbah and Badi [19] with
human-driven strategic SWOT weighting. This approach
uniquely synergizes human accountability with Al
scalability to systematically evaluate the structural
resilience of pharmaceutical replenishment policies.

3. Proposed Methodology

To systematically navigate the trade-offs between cost
efficiency, service reliability, and operational resilience,
this study proposes a multi-layered Human-in-the-Loop
decision-support framework. As illustrated in Figure 1,
the methodology proceeds in three sequential phases: (I)
Operational Matrix Construction and Strategic SWOT
Mapping, (II) Two-Tier HITL Weight Elicitation, and
(IIT) Strategic Ranking via the Extended VIKOR
Algorithm.

Stochastic Simulation Engine
(9 VMI Policies)

\J

Quantitative SWOT Mapping
(Strengths, Weaknesses, Opportunities, Threats)

Strac ¢ Alignment
Y \

Tier-1: Human Experts T|er -2: Hybrid Al-Data (LLM + CRITIC)
Macro-Strategic SWOT Weights (W) Micre-Operational Local Weights (wyeq))

Operational Metrics

A Y

Global Weight Integration
(Wg\nbal = WGmup x Wlucal)

\J
Z-VIKOR Aggregation
Calculate Utility (S)) & Regret (R;)

\J
(Cumpute VIKOR Compromise Index (Qi)j

\J

Optimal Resilient Policy
(SMT-SSP)

Figure 1. The proposed Human-in-the-Loop (HITL) Z-
Number SWOT-VIKOR methodological framework for
pharmaceutical replenishment policy selection.
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3.1. Phase I: Operational Matrix Construction and
Strategic SWOT Mapping

The foundation of the decision-making process relies
on empirical data derived from a high-fidelity Simulation-
Optimization engine. The simulation sample was strictly
bounded to a 50-pharmacy network. This network size
was selected as the optimal computational stress-test
environment, providing sufficient spatial complexity to
routing  efficiency  while  remaining
computationally tractable for thousands of stochastic
iterations. The robust validation of this underlying
simulation model—including the statistical stability of its
repeated measurements under demand shocks—was

evaluate

firmly established in the baseline study by Musbah and
Badi [19]. LetA ={A;,A4,,..., Ay} represent the set
of m = 9 distinct pharmaceutical replenishment policies.
Rather than treating the simulation outputs as generic
criteria in a flat structure, they are mapped into a strategic
SWOT matrix to capture intrinsic performance and
structural resilience.

This study deliberately adapts the SWOT framework
from traditional business analysis to algorithmic policy
evaluation. In this context, the 'internal' environment
represents a policy’s deterministic baseline capabilities.
Conversely, the 'external' environment constitutes the
supply chain’s stochastic and spatial topography. Thus,
Delivery Efficiency (C5) is classified as an Opportunity
(exploiting external spatial proximities), while Financial
Risk (C4) and Systemic Fragility (C6) are Threats
(quantifying vulnerability to external stochastic demand
shocks). This adaptation ensures a rigorous evaluation of
dynamic environmental interactions rather than mere
static performance. Let C = {C;, C;, ..., C,} represent the
exact six operational criteria evaluated in the simulation,

structurally categorized as follows:

e Strengths (S): Intrinsic operational
benefits. This includes C,: Service Level % (Fill
Rate). Objective: Maximize.

e  Weaknesses (W): Intrinsic
deficits. This includes two criteria: C;: Avg Total
Cost and C3: Avg  Stockout Qty. Objective:
Minimize.

operational

e Opportunities (O): Structural  architectural
advantages. This is represented by
Cs: Aggregated Delivery Efficiency (Fulfilled
Units per KM), which captures the policy's
capacity to exploit spatial proximity. Objective:
Maximize.

e Threats (T): External vulnerabilities quantified

This includes two

Risk (Std  Dev),
representing cost volatility, and Cg Systemic

under stress scenarios.

criteria: Cy Financial

Fragility. To align with the minimization
objective of the Threats category, the original
Reliability (RI) is
transformed into Systemic Fragility, calculated
as (1 — RI). Objective: Minimize.

Index mathematically

This mapping transforms the generic operational
[xij]an into a

framework ready for hierarchical weighting.

matrix X = strategic ~ quantitative

3.2. Phase II: Two-Tier HITL Weight Elicitation
(Hierarchical SWOT)

To overcome the limitations of flat MCDM models
and pure Al-driven governance, this study operationalizes
a Two-Tier Hierarchical weighting structure. Figure 2
delineates this hierarchical SWOT criteria structure,
demonstrating the strict separation between macro-level
human governance and micro-level Al computation.

Overall Goal:

l Pharmaceutical Policy Resilience l

Strengths (S)
Human Weight (Ws) !
1
T
|

Weaknesses (W)
Human Weight (W1

Opportunities {0}
Human '\".I'Elght (W)

Threats (T} | _ _ _ _ _ _
Hurnan weigrf iV !

Service Level Cy: Total Cost Stockout Qty
Hﬁbnd Wie gt (w'a) Hyforic Weigt (wy) Hyabr d Weight {ws 5H

Delwery' Efficiency 4 Financial Risk Systemm Fragility
ybrid We ght (ws) H Ef-i

ybrld Wigight i) ybrid Vileight (weg)

Figure 2. The two-tier hierarchical SWOT criteria structure, illustrating the integration of Tier-1 human strategic weights
and Tier-2 hybrid Al-data (LLM-CRITIC) operational weights.
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Step 1: Tier-1 Human Expert Macro-Weighting
(SWOT Groups)

To ensure strategic accountability, a panel of human
domain experts evaluates the four primary SWOT groups
(S,W,0,T) against the objective of "Pharmaceutical
Supply Chain Resilience." By reducing the human task to
evaluating only four macro-groups, cognitive fatigue is
eliminated. To operationalize this process while
accounting for the varying levels of professional authority
among the panelists, this study integrates the F-CIMAS
(Fuzzy Comprehensive Indicator Method for Assessment
Scaling) approach. The steps are tailored as follows:

e Step 1.1: Expert Panel Formation: The relative
influence (weight) of each expert is determined
based on their years of professional experience.

Eq. (1) calculates these weights,
ensuring Z?=1 Wk = 1:
E:
WEi=—"_—i=12,..,q 1
Z(i]=1 El ( )

e Step 1.2: Initial Fuzzy Assessment: Experts
assess the strategic importance of the four macro-
groups using a predefined linguistic scale
translated into Triangular Fuzzy Numbers
(TFNs): Very Low (1,1,2), Low (2,3,4), Medium
(4,5,6), High (6,7,8), and Very High (8,9,10).
This
where X;; represents the score assigned by

forms the initial decision matrix,

expert E; to macro-group j.

e Step 1.3: Expert-Weighted Matrix: To account
for reliability, each fuzzy assessment is weighted
by the expert’s specific weight WEi, The
weighted fuzzy value ¥;; is calculated as:

Uij = % @ WEL = (lyWF, my WELu;WF) - (2)

e Step 1.4: Aggregation and Defuzzification: The
total fuzzy importance score §j for each macro-
group is obtained via fuzzy addition, as given in
Eq. (3). Subsequently, the Center of Area (CoA)
method converts these aggregated fuzzy scores
into crisp values K; utilizing Eq. (4).

§i=(Xi lyWwr X myWEe 37w WwE) - (3)

i=1

':Lj+M]-+Uj @)
J 3
e Step 1.5: Final Macro-Weights
Derivation: The crisp values are normalized to
derive the final strategic group weights
(Ws, Wy, Wy, Wr), ensuring their sum equals 1:
K

_ J
WGroup]- - —4 (5)

K

j=1
Step 2: Tier-2 Hybrid Al-Data Micro-Weighting
(LLM-CRITIC)

For the granular operational metrics within the SWOT
groups, this study imports the validated hybrid weights
established by Musbah and Badi [19]. A critical
methodological imperative of this framework is the direct
reuse of these specific LLM-derived weights, rather than
generating a new set. This reuse acts as a strict
methodological control. The weights derived in the
aforementioned study represent a standardized, peer-
reviewed Dbaseline exhibiting perfect inter-agent
consensus (p = 1.0). Recomputing the Al weights in this
study would introduce unnecessary  generative
stochasticity, violating the principles of reproducible
benchmarking. By treating the Al weights as a fixed
operational truth, we successfully isolate the independent
variable of this research: the macro-strategic human
modulation. Consequently, the imported local weights
(Wiocar) used in this tier represent a highly robust
synthesis of Al cognitive heuristics and intrinsic statistical
data structure. Furthermore, the expert panel (Tier-1)
guiding this modulation was meticulously defined. Four
senior domain experts were selected based on strict
criteria of operational tenure in pharmaceutical logistics,
with their varying levels of professional authority

mathematically weighted using the F-CIMAS protocol.

Step 3: Controlled Relaxation of Hierarchical
Normalization (Strategic Modulation)

A profound mathematical vulnerability in classical
hierarchical MCDM models is the "Erasure Effect." When
strict internal normalization is applied to a strategic group
containing a single criterion (e.g., Strengths containing
only C,), the local weight is mathematically forced to 1.0.
This strict structural control unintentionally obliterates the
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rich objective variance captured by CRITIC and the
heuristic nuance elicited by the LLMs. To resolve this
"Information Preservation vs. Structural Control" trade-
off, this study introduces a "Controlled Relaxation"
protocol via Strategic Modulation. Rather than applying
strict hierarchical replacement, the human-elicited SWOT
macro-weights (Wgyoyup,) are utilized as strategic scaling
factors applied to the imported hybrid micro-weights
(Whybn-dl.].). The modulated weight (w; ;) is calculated as:

[
Wij - Whybridi]- X WGroupi (6)

This modulation preserves the internal variance
between operational criteria while softening the strict
boundaries of the hierarchy to reflect human strategic
intent. Finally, to satisfy the axiomatic requirements of the
VIKOR algorithm (which mandates Y W = 1), a Global
Normalization is applied:

!
W, S R
global;j —
' (7
Wij
[

This approach represents a deliberate methodological
shift from rigid hierarchical control to dynamic soft
prioritization, ensuring that the final Wy;,pq; weights
reflect contextual strategic priorities without sacrificing

the micro-level operational data.

3.3. Phase III: Strategic Ranking via the Extended
VIKOR Algorithm

Using the integrated Wy;,pq; Weights, the extended
VIKOR method is applied to the crisp operational
matrix X. VIKOR ranks based on a
compromise solution that provides maximum group
utility for the "majority" and minimum individual regret

alternatives

for the "opponent".
Step 1: Ideal Solutions Determination

The Positive Ideal Solution (f;") and Negative Ideal
Solution (f;") are identified:

benefit

max ; x;; and f;~

e For criteria (S,

0): fi" =

= minixl-j

e Forcost criteria (W, T): f; = min ; x;; and f;~ =
max ; xl-j
Step 2: Utility and Regret Measures

The Utility Measure (S;) and Regret Measure (R;) are
computed for each policy 4;:

i m< _x”> ®)
=

R; = max [ global; (2 f]l >] 9)

Step 3: VIKOR Compromise Index (Q;)

LetS* = miniSi, ST = maXl’Si, R* = minl’RL‘,

and R~ = max; R;. The index Q; is calculated as:
S —S§* R;—R*
= 1— L S 10
@ v(s——s*)+( v)(R‘—R*) (10)

Where v is the strategy weight of maximum group
utility (typically v = 0.5).
ascending order of Q;.

Policies are ranked 1n

Step 4: VIKOR Conditions Verification

To propose policy A (minimum Q;) as the optimal
compromise solution, two conditions must be satisfied:

« Condition 1 (Acceptable Advantage): Q(A®) —
Wy >_1
QAM) = 1

¢ Condition 2 (Acceptable
Stability): Policy A must also be the best
alternative ranked by S; and/or R;.

By enforcing these constraints, the framework ensures
the selected policy is demonstrably resilient against
strategic threats.

3.4. Evaluation and Validation Protocol

To rigorously validate the theoretical soundness and
operational robustness of the proposed HITL Z-SWOT-
VIKOR framework, a dual-layer validation protocol is
established prior to the final policy selection.

First, to mathematically justify the departure from
classical  hierarchical MCDM, a Methodological
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Comparative Analysis is formulated. This phase evaluates
the operational decision matrix under two distinct
paradigms: Scenario A (Strict  Hierarchical
Normalization, which inherently risks the "Erasure
Effect" by artificially forcing single-criterion groups to a
local weight of 1.0) and Scenario B (The proposed
Controlled Relaxation via Strategic Modulation). This
comparative test explicitly isolates the framework's
mathematical efficacy in preserving intrinsic operational
variance.

Second, recognizing the inherent vulnerability of
macro-strategic frameworks to human cognitive bias,
Test (Sensitivity Analysis) is
designed. This protocol systematically perturbs the
human-elicited SWOT macro-weights (Wgyoyp) across

a Human-Bias Stress

extreme strategic boundaries—specifically simulating
severe pessimistic threat aversion (Wr = 0.70) and
aggressive optimistic opportunity seeking (W, =
0.50, W5 = 0.30). By observing the rank invariance of the
optimal policy across these simulated biases, the
framework  mathematically "Dominance
Stability," ensuring the final logistical decision is resilient

verifies

to both algorithmic rigidity and arbitrary human
subjectivity.

4. Case Study and Partial Computational
Results

To empirically validate the HITL Z-SWOT-VIKOR
framework, nine pharmaceutical VMI replenishment
policies were evaluated. The operational baseline is
derived from a simulation-optimization environment
encompassing 50 pharmacies under stochastic demand.

4.1. Operational Matrix and Quantitative SWOT
Mapping

The raw simulation outputs were structurally mapped
into the quantitative SWOT decision matrix (Table 1).
The six strategic factors (C; to Cg) were populated using
the exact deterministic averages and robustness scores
generated by the stochastic simulation engine. The
mathematical conversion of the Reliability Index (Cy) into
(1—-RD
directional alignment across all cost-type criteria within
the SWOT framework.

Systemic  Fragility effectively  ensures

Table 1. Quantitative SWOT Operational Decision Matrix for VMI Policies.

Poli Weakness 1 Weak 2 .
A(;clﬁi}‘;ecture Strength (S) ea(Wc)ess ea(“r}§SS Opportunity (O) Threat 1 (T) Threat 2 (T)
A;: OUT 99.86 58,280.76 35.76 1.7683 1,543.79 0.0624
A,: GRIH-P 99.85 60,396.82 39.56 1.7344 1,068.61 0.0530
Az: SMT-SSP 99.88 60,807.31 31.11 1.7369 1,571.58 0.0430
A,: PORP Classic 99.85 61,213.11 38.35 1.7464 1,587.20 0.0517
As: Dyn (s,5) 99.52 62,304.21 126.43 1.7403 1,697.87 0.0717
proactive
Ag: Dyn (s.9) 99.56 62,435.71 116.88 1.7472 1,745.87 0.0850
inertial
A5: Static (s,S) 99.43 62,462.80 148.96 1.7578 1,706.87 0.0817
Ag: Dyn (s,S)
reactive 99.37 62,660.99 165.23 1.7493 1,794.75 0.0973
Ag: VMI Urgency 99.99 74,680.29 2.80 1.3021 3,125.95 0.0265
Criteria Symbol C, () Cs Cs Cy Ce
Criteria Name Servicoe Level Avg Total Avg Stockout Delivery Eff. Financial Risk ~ Fragility (1-
(%) Cost (€) (Qty) (Units/KM) (Std Dev) RI)
O%t@miztation Maximize Minimize Minimize Maximize Minimize Minimize
1rection
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4.2. Tier-2: Hybrid AI-Data Micro-Weights (Local
Criteria)

For the operational granularity within the SWOT
groups, this study imported the validated hybrid local
weights (Wycq;) derived by Musbah and Badi [19]. By
hybridizing the Z-number LLM outputs with the objective
CRITIC variance, the criteria weights heavily penalized
pure cost metrics in favor of service reliability and
systemic robustness, accurately reflecting pharmaceutical
operational realities. Table 2 presents these imported
baseline local weights before the application of the human
strategic SWOT filter.

Table 2. Tier-2 Hybrid Micro-Weights (W;,¢q;) Imported from
LLM-CRITIC Evaluation.

SWOT Operational Symbol Local
Group Criterion y Weight
Strengths (S)  Service Level (%) C2 0.28
Avg Total Cost (€) Cl 0.14
Weaknesses Avg Stockout
(W) v " C3 0.19
(Qty)
Opportunities Delivery
(0) Efficiency Cs 0.1
Financial Risk C4 0.09
Threats (T) . .
Systemic Fragility C6 0.17

4.3. Tier-1: Human-Driven Strategic SWOT
Macro-Weights

To ensure the empirical validity of the macro-strategic
priorities, a panel of four senior experts (E; to E,) with
extensive experience in pharmaceutical supply chain
management was convened. The F-CIMAS method was
applied to transform their qualitative professional
judgments into rigorous quantitative weights for the four
SWOT dimensions.

First, the relative influence of each expert was
quantified based on their professional tenure. The
cumulative experience of the panel was 49 years. Table
3 presents the calculated weight (WE%) for each expert,
ensuring that more experienced practitioners exert
proportionally greater influence on the strategic outcome.

Table 3. Expert Profiles and F-CIMAS Weights.

Expert Experience (Years) YT Weight
El 18 18/49 0.367
E2 14 14/49 0.286
E3 10 10/49 0.204
E4 7 7/49 0.143

Subsequently, the experts assessed the four strategic
SWOT groups using the predefined fuzzy linguistic
scale. Table 4 illustrates the initial linguistic decision
matrix.

Table 4. Initial Linguistic Assessment of SWOT Macro-

Groups.

Ei/Ci S W (@) T
El VH H H H
E2 H H H M
E3 VH VH VH H
E4 VH VH H H

These qualitative assessments were transformed into
Triangular Fuzzy Numbers (TFNs), weighted by the
respective expert weights (WFi), and aggregated to
establish the fuzzy importance score (§j) for each

detailed in Table 5. This
effectively captures the collective
judgment of the panel while preserving the inherent
epistemic associated  with

dimension, as fuzzy

representation

uncertainty linguistic

evaluations.

Table 5. Aggregated Fuzzy Criteria Weights for SWOT

Dimensions.
Dimension Description Aggregate Fuzzy
Number § ]-(l, m,u)
S Strengths (7.429,8.429,9.429)
w Weakness (6.694,7.694,8.694)
o Opportunities (6.408,7.408,8.408)
T Threats (5.429,6.429,7.429)

Finally, the Center of Area (CoA) method defuzzified
these scores into crisp values (K;), which were normalized
to yield the final global macro-weights (Wgroyp). As
presented in Table 6, the resulting hierarchy offers a clear
stratification of priorities.

Table 6. Defuzzified Crisp Scores and Final Strategic Macro-
Weights.

. . Crisp Score Final Weight Rank
Dimension (pKJ) (WGroupg)
S 8.429 0.281 1
W 7.694 0.257 2
o 7.408 0.247 3
T 6.429 0.215 4
Interestingly, the expert panel

designated Strengths (Ws = 0.281)
Wy = 0.257) as the
considerations,

and Weaknesses
most  critical

emphasizing the

strategic
optimization of
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immediate service levels and internal cost efficiencies
over external Threats (Wr = 0.215). This context-
specific human insight provides a vital strategic steering
mechanism for the subsequent VIKOR evaluation.

4.4. Global Weight Integration and Strategic Z-
VIKOR Ranking

4.4.1. Strategic Modulation and Cognitive Synthesis

Following the generation of the Tier-1 human strategic
macro-weights and the Tier-2 AI-CRITIC micro-weights,
the "Strategic Modulation" protocol (detailed in Section
3.2) was executed. By utilizing the human macro-weights
as scaling multipliers followed by global normalization,
the framework synthesized the final Global Weights
(Wyi0ba1) presented in Table 7.

Table 7. Integration of Tier-1 and Tier-2 Weights via Strategic

Modulation.

20z g E 3

O -~ CL‘H L= - —_ = 3

Criteria ;: = S g3 8 = i"é %’ Sh 2

SEL 558582 280 %
EGER-CERCERCEN

S =

C,: Service Level 0.280 0.281 0.0788 0.3136
C;: Avg Total Cost 0.141 0.257 0.0363 0.1447
C3: Avg Stockout Qty ~ 0.191 0.257 0.0493 0.1962
Cs: Delivery Efficiency 0.116 0.247 0.0288 0.1149
C,: Financial Risk 0.096 0.215 0.0207 0.0825
Ce: Systemic Fragility  0.172  0.215 0.0371 0.1478

A critical examination of Table 7 theoretically
validates the methodological supremacy of the Strategic
Modulation approach classical hierarchical
substitution. At first glance, one might observe that the
single-criterion Reliability group (C3)
relative weight inflation (reaching 0.313), whereas the
criteria within dual-metric groups (e.g., C; and C3)
remained closer to their operational baseline despite a
high human strategic weight (0.257).

over

experienced a

this
represents the intended "Cognitive Synthesis" of the
framework. The AI-CRITIC baseline established
an Operational Truth: managing both financial cost and
physical stockouts intrinsically consumes more systemic
variance (combined Wy,.q; = 0.333) than service level
alone (0.280). Concurrently, the human experts
established a Strategic Truth: service reliability (0.281)

Rather than a methodological imbalance,

must be prioritized over cost reduction (0.257). The
modulation mathematically reconciled these paradigms. It
dynamically steered the global vector to heavily prioritize
Service Level (C;), satisfying the human strategic intent,
without violently erasing the operational reality that
multi-dimensional strain (Cost + Stockout) dictates a
massive portion of the system's behavior. This perfectly
prevents arbitrary human overrides while ensuring
strategic adaptability.

4.4.2. Final Policy Ranking via Z-VIKOR

Using the integrated global weights, the extended
VIKOR algorithm was applied to the operational decision
matrix to determine the optimal compromise
replenishment policy. The Utility Measure (S), Regret
Measure (R), and the VIKOR Compromise Index (Q;)
were computed with the consensus strategy weight (v =
0.5). The results are detailed in Table 8.

The SMT-SSP hybrid policy secured the first rank with
the ideal compromise index (Q; = 0.000). To formally
propose it as the optimal solution, the two rigorous
VIKOR axioms were evaluated. The threshold for
Acceptable Advantage is DQ = 1/(9 — 1) = 0.125. The
gap between the first and second-ranked policies
was 0.0501, which 1is less than the DQ threshold.
Consequently, Condition 1 (Acceptable Advantage) was
not satisfied. However, Condition 2 (Acceptable
Stability) was flawlessly satisfied, as SMT-SSP
concurrently achieved the absolute minimum Ultility
Measure (S = 0.1745) and the minimum Regret Measure
(R = 0.0556). According to the mathematical axioms of
the VIKOR method, when Condition 1 is not met but
Condition 2 is satisfied, a Compromise Solution Set must
be proposed consisting of alternatives
AW A@ | AM) guch  that Q(A™) — Q(ADM) < DQ.
Therefore, the mathematically valid compromise set
includes SMT-SSP, GRIH-P, OUT, and PORP Classic.

Despite the proposal of a compromise set, SMT-SSP
remains the undeniable strategic leader. By minimizing
the maximum individual regret (R), it guarantees that the
pharmaceutical network avoids catastrophic single-point
failures (such as severe stockouts) during demand shocks.
Thus, SMT-SSP provides the most resilient Pareto-
efficient equilibrium between human strategic optimism
and operational reality.
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Table 8. Strategic Z-VIKOR Ranking and Acceptability Conditions.

Condition 2

Policy Q; Condition 1 o . S R
Rank Architecture Index (Advantage) (Stabﬂsl?é) Istin (Utility) (Regret)
Acceptable
1 SMT-SSP 0.00 Unacceptable (Yes/Yes) 0.174 0.055
2 GRIH-P 0.050 Unacceptable No 0.197 0.071
3 ouT 0.060 Unacceptable No 0.199 0.075
4 PORP Classic 0.069 Acceptable No 0.218 0.071
5 VMI Urgency 0.323 Acceptable No 0.342 0.145
6 Dyn (.S’S) 0.648 Unacceptable No 0.547 0.217
inertial
7 Dyn (s,S) 0.690 Acceptable No 0.549 0.237
proactive
Static (s,S) 0.860 Acceptable No 0.640 0.283
9 Dyn (s,S) 1.00 Unacceptable No 0.730 0.314
reactive
4.5. Methodological Comparative Analysis: Strict The computational results of this comparative

Hierarchy vs. Controlled Relaxation

To rigorously validate the theoretical necessity of the
"Controlled Relaxation" approach, a comparative
experiment was conducted. The final policy rankings
were generated under two distinct weighting paradigms:
Scenario A (Strict Hierarchical Normalization) and
Scenario B (The Proposed Strategic Modulation).

1. Scenario A  (Strict
normalization forces single-criterion groups (e.g.,
Strengths and Opportunities) to a local weight of
1.0 before applying the human SWOT weights.
This mathematically erases the operational

variance captured by the CRITIC-LLM baseline.

Hierarchy): Internal

2. Scenario B (Strategic Modulation): The proposed
method, where human SWOT weights scale the
baseline  weights  followed by  global
normalization, effectively preserving both data
variance and strategic intent.

experiment are presented in Table 9. Furthermore, Figure
3 visually maps the rank trajectories across the two
paradigms to illustrate the severity of the hierarchical
distortion. As explicitly demonstrated in Table 9 and
in Figure 3, the strict hierarchical
normalization (Scenario A) triggered a mathematically
distortive "Erasure Effect," significantly altering the mid-
policy rankings. Most notably, the VMI
Urgency heuristic—a policy inherently designed for

visualized

tier

emergency medical prioritization at the expense of
transport efficiency—was unjustly penalized, dropping
from Rank 5 in the proposed framework to Rank 7 under
the strict hierarchy. This occurred because Scenario A
artificially inflated the weight of the single-
criterion Opportunities group  (Delivery  Efficiency),
completely overriding the AI-CRITIC baseline which
correctly identified it as a secondary metric.

Table 9. Methodological Comparative Analysis: Impact of Strict Hierarchy vs. Strategic Modulation on Policy Ranking (v = 0.5,
Neutral Macro-Weights).

Scenario (A) Scenario A

Scenario (B) Scenario B

Policy Architecture Rank Q) Rank Q) Rank Shift (A)
A3: SMT-SSP 1 0.00 1 0.00 0 (Stable)
A,: GRIH-P 2 0.058 2 0.052 0 (Stable)
A,: PORP Classic 3 0.071 3 0.071 0 (Stable)
A;: OUT 4 0.113 4 0.110 0 (Stable)
Ag: VMI Urgency 7 0.807 5 0.362 +2 (Distorted)
Ag: Dyn (s,S) inertial 5 0.652 6 0.652 -1 (Distorted)
As: Dyn (s,S) proactive 6 0.686 7 0.686 -1 (Distorted)
A: Static (s,S) 8 0.851 8 0.856 0 (Stable)
Ag: Dyn (s,S) reactive 9 1.00 9 1.00 0 (Stable)
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Figure 3. Comparative visualization of policy rank trajectories
under strict hierarchical normalization (Scenario A) versus the
proposed strategic modulation (Scenario B).

Conversely, the proposed Strategic Modulation
(Scenario B) successfully protected the internal
operational variance, preserving the true strategic value of
the ¥MI Urgency policy. Furthermore, the absolute rank
invariance of the optimal hybrid policy, SMT-SSP (Q; =
0.000), across both scenarios provides unequivocal proof
of its structural superiority. SMT-SSP remains the Pareto-
optimal compromise solution even when evaluated under
a flawed traditional hierarchy, confirming that the
proposed framework prevents mid-tier distortion without
compromising the identification of the absolute best
logistical strategy. To statistically quantify the magnitude
of this distortion, Spearman’s rank correlation coefficient
(p) was evaluated between the two paradigms. The
(p = 0.950)
corroborates the visual evidence: while the Pareto-optimal

resulting  correlation mathematically
extremes remain structurally anchored, the strict classical

hierarchy introduces a critical 5% statistical deviation that

exclusively destabilizes mid-tier policies, thereby
validating the methodological necessity of Strategic
Modulation.

4.6. Sensitivity Analysis: Human-Bias Stress Test
and Dominance Stability

Given the inherent risk of human cognitive bias in the
Tier-1 SWOT macro-weighting phase, it is imperative to
verify that the final VIKOR ranking is not merely an
artifact of an arbitrary or emotionally driven human
judgment. To address this, a Human-Bias Stress Test was

conducted by simulating three extreme strategic
weighting scenarios:
1. Extreme  Threat  Aversion  (Pessimistic

Bias): Human experts assign an overwhelming
priority to protecting the system (W; = 0.70),
with minimal weights to S, W, and O (0.10 each).

2. Extreme Opportunity Seeking (Optimistic
Bias): Human experts aggressively prioritize
Opportunities and Strengths (W, = 0.50, W5 =
0.30), neglecting Weaknesses and Threats

(0.10 each).

3. Neutral Baseline (Zero Bias): All SWOT groups
are assigned equal strategic weights (Wsy, o1 =
0.25).

The resultant policy rankings across these extreme
hypothetical bounds are numerically summarized in Table

10.

Table 10. Human-Bias Stress Test: Policy Rank Stability Across Extreme Strategic Scenarios.

Neutral Bias

Pessimistic Bias Rank

Optimistic Bias Rank

Policy Architecture Rank (Base (W, = 0.70) (Wp=0.50,W¢ = Stability Status
Case) T 0.30)

Az: SMT-SSP 1 1 1 Absolute Dominance
A,: GRIH-P 2 2 3 Stable

A,: PORP Classic 3 3 4 Stable

A,: OUT 4 4 2 Volatile
Ag: VMI Urgency 5 5 5 Stable

Ag: Dyn (s,S) inertial 6 8 6 Volatile
As: Dyn (s,S) proactive 7 6 7 Volatile
A: Static (s,S) 8 7 8 Volatile
Ag: Dyn (s,S) reactive 9 9 9 Stable
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While Table 4 details the exact numerical rankings across
the simulated strategic scenarios, Figure 4 illustrates the
trajectories of these rankings, explicitly highlighting the
severity of rank crossovers and the phenomenon of
absolute dominance stability.

W {S.W,0,T}=0.25 WT=0.70 WO=0.50,WS=0.30
1
2
3
4
=
=5
-4
6 e, e e.... °
._...'__...- v.._.___._'..'
7 L o et L L L L]
8 ot .'. """"" 'Y
9 @ ccsssssscaassnanas @riescssicansacanans ®
A3 A2 Ad Al A9
@ A0 ®--AS ®--A7 ®--A8

Figure 4. Policy rank trajectories across extreme human-bias
scenarios, illustrating the dominance stability of SMT-SSP
(A3) versus the volatility of cost-centric alternatives.

As demonstrated in Table 4 and visually mapped in
Figure 4, the proposed framework explicitly neutralizes
the risk of human cognitive bias. Even under extreme
hypothetical scenarios—such as a hyper-pessimistic
expert assigning 70% of the strategic weight to Threats,
or a hyper-optimistic expert chasing Delivery
Efficiency—the SMT-SSP policy perfectly maintained its
Rank 1 position. This phenomenon of "Dominance

Stability" proves that the framework is highly resilient.

Conversely, cost-centric policies exhibited notable
sensitivity. As visually evident in Figure 4,
the OUT policy violently shifted from Rank 4 to Rank 2
inherent
vulnerability to strategic risk preferences. Similarly, mid-
tier policies such as A6 and A7 experienced visible rank

under optimistic conditions, exposing its

crossovers. To rigorously quantify this systemic
resilience, Spearman’s rank correlation coefficient (p)
was computed. The correlation between the neutral
baseline and both extreme bias scenarios remained
robustly high (p = 0.95). This powerful statistical
validation confirms that the underlying Tier-2 operational
weights (LLM-CRITIC) successfully act as a structural
anchor. The human strategic input safely steers the mid-
tier priorities without causing an algorithmic collapse or
dethroning the structurally dominant Pareto-optimal

solution.

5. Discussion

The empirical findings of this study transition the
analytical lens from average-case logistical efficiency to
structural resilience under systemic stress. By utilizing the
HITL Z-SWOT-VIKOR framework, the results expose
the  behavioral mechanics of  pharmaceutical
replenishment policies and critically address existing
mathematical vulnerabilities in strategic MCDM models.

5.1. The VIKOR Compromise Set and Causal
Policy Resilience

A fundamental outcome of the ranking process is the
failure to satisfy VIKOR’s Condition 1 (Acceptable
Advantage), yielding AQ = 0.0501 < 0.125. In
classical MCDM literature, failing to isolate a single
optimal solution is occasionally viewed as a mathematical
limitation; however, in operational realities, as noted by
Opricovic and Tzeng [52], proposing a compromise set
(SMT-SSP,  GRIH-P, OUT, PORP Classic)
operationalizes strategic flexibility. While Condition 1
failed, SMT-SSP satisfied Condition 2 by minimizing the
maximum individual regret (R = 0.0556). Causally,
SMT-SSP leads the compromise set because its
"predictive-opportunistic" architecture utilizes spatial
buffering—replenishing non-urgent nodes along active
routing paths. This preemptively neutralizes systemic
fragility (Threat 2) before stochastic demand shocks
materialize. Consequently, minimizing "regret" in this
framework transcends mathematical utility; it represents
the operational prevention of
pharmaceutical stockouts.

life-threatening

5.2. Resolving the VMI Urgency Paradox and
Hierarchical Erasure

The comparative analysis (Section 4.5) highlighted a
severe mathematical flaw in traditional strict hierarchical
normalization (Scenario A), which artificially forces
single-criterion groups to a local weight of 1.0. This
"Erasure Effect" disproportionately distorted mid-tier
policies, notably the VMI Urgency heuristic.
Operationally, VMI Urgency achieves an exceptional
service level (99.99%) with near-zero stockouts. Yet,
under the proposed Strategic Modulation (Scenario B), it
correctly ranked 5th, even under optimistic bias tests. The
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causal explanation lies in the global weighting vector
(Wyi0par): achieving this 99.99% service level required
extreme, unoptimized expedited deliveries, triggering
astronomical transportation costs (C;) and high systemic
fragility (Cg). Strategic Modulation mathematically
preserved the underlying CRITIC variance that exposed
this inefficiency, penalizing the policy appropriately. The
strong rank correlation between the scenarios (p =
0.950,p < 0.01) mathematically validates that Strategic
Modulation anchors the Pareto-optimal extremes while
safely protecting mid-tier policies from algorithmic
distortion.

5.3. Mitigating Algorithmic Aversion via HITL
Architecture

Delegating strategic supply chain decisions entirely to
autonomous Al agents frequently triggers "algorithmic
aversion" among healthcare executives. The Human-Bias
Stress Test (Section 4.6) explicitly addressed this barrier.
By proving that the core LLM-CRITIC micro-weights
structurally anchor the decision matrix against even
extreme human cognitive biases (e.g., Wy = 0.70), the
framework demonstrates that managers can safely impose
their strategic intent without risking algorithmic collapse.
This hybrid cognitive division of labor enables practical
industry adoption, ensuring human ethical accountability
while leveraging Al computational precision.

5.4. Methodological Benchmarking: The

Compensatory Failure of SAW vs. VIKOR Regret

Minimization

To externally validate the structural integrity of the Z-
VIKOR  rankings, a mathematical
benchmarking was executed against two established
MCDM algorithms: TOPSIS and Simple Additive
Weighting (SAW). The Spearman’s rank correlation
coefficient between VIKOR and TOPSIS demonstrated
strong alignment (0 = 0.883). However, the comparison
with the SAW method (p = 0.750) revealed a critical
conceptual finding that definitively validates the selection

comparative

of VIKOR for safety-critical environments. This result is
consistent with recent applications of VIKOR in security-
sensitive and intelligent technological domains, such as
ANN-based 5G patient monitoring [53] and image

encryption strategies for Industry 5.0 [54], where
VIKOR’s compromise-ranking framework is
advantageous for balancing competing decision criteria.

In the SAW calculation, the "VMI Urgency" policy
experienced a severe rank distortion, inexplicably
jumping to Rank 1. The causal mechanism for this
distortion lies in SAW’s fully compensatory mathematical
nature. Because VMI Urgency achieves extreme
maximum values in service criteria (C2, C3, and C6)
which carry high global weights, these scores completely
offset its critically poor performance in the cost criteria
(C1 and C4).

In pharmaceutical logistics, extreme failures in cost
viability or safety cannot simply be
"compensated" by high performance elsewhere. The
VIKOR algorithm uniquely prevents this through its
Regret Measure (R;), which fundamentally operates as a
non-compensatory penalty. By minimizing the maximum
group regret, VIKOR correctly penalized the VMI

systemic

Urgency policy, proving mathematically that it is a far
superior and strictly necessary algorithm for logistical
networks where catastrophic single-point failures must be
avoided. This perspective is particularly relevant in
centralized medicine procurement contexts, where
pharmaceutical logistics center location decisions must
prioritize safety, reliability, and resilience alongside

operational efficiency [55].

5.5. Limitations and Future Research Directions

Despite its methodological rigor, this study exhibits
explicitly defined boundaries that necessitate future
validation:

1. Empirical Field Validation: The operational
decision matrix was derived entirely from
stochastic outputs. While
methodologically sound  for  theoretical
benchmarking, the framework lacks validation

simulation

against real-world, dynamic empirical datasets,
which may contain unstructured disruptions (e.g.,
Black Swan events) not captured by standard
distribution models.

2. LLM Weight Importation Rigor: The micro-
operational weights were imported directly from
Musbah and Badi [19]. These LLM-derived Z-
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weights were not independently cross-validated
for internal consistency against the specific
architectural nuances of the nine policies
evaluated in this study, potentially masking
contextual epistemic uncertainty.

3. VIKOR Parameter Sensitivity: The VIKOR
ranking was executed using the default consensus
strategy weight (v = 0.5). The study omits a
sensitivity analysis of the v parameter (e.g., v =
0.7 for majority rule vs. v < 0.3 for veto
dominance), which could alter the composition of
the acceptable compromise set.

4. Pharmaceutical  Specificity: The  generic
categorization of "pharmaceuticals" ignores sub-
class constraints. For instance, the framework
does not currently account for the energy
consumption penalties inherent in Cold Chain
logistics (e.g., vaccines), which would severely
penalize spatial-buffering policies like SMT-SSP.
Future research must prioritize integrating this
framework within dynamic Digital Twin
environments equipped with real-time empirical
data streams, alongside expanding the operational
matrix to include cold-chain thermodynamic
constraints.

6. Implications
6.1. Theoretical Implications

Methodologically, this study contributes the "Strategic
Modulation" mechanism, which provides a mathematical
resolution to the "erasure effect" pervasive in traditional
hierarchical MCDM. It establishes a new standard for
integrating autonomous Al reasoning with human
strategic oversight, proving that hierarchical control can
exist without obliterating micro-level data variance.
Furthermore, by anchoring our justification in cross-
disciplinary HITL literature (e.g., Agentic Al and
autonomous driving), we formalize the necessity of
macro/micro cognitive divisions in operations research.

6.2. Practical and Managerial Implications

From an operational standpoint, the findings

empirically confirm that predictive-opportunistic routing

architectures (SMT-SSP) possess dominance stability,
preemptively mitigating external threats to provide
superior systemic resilience.
From a managerial perspective, the proposed framework
explicitly bridges the gap between algorithmic complexity
and practical implementation. While the backend
mathematical architecture is highly sophisticated
(incorporating simulation engines, LLM heuristics, Z-
number fuzzy logic, and extended VIKOR), this
complexity is entirely encapsulated. Supply chain
managers are not required to possess deep data science
expertise; they simply interact with intuitive, macro-level
SWOT sliders (the HITL Tier 1 input). This empowers
managers to safely exert strategic governance and ethical
accountability over Al-driven supply chains with minimal
cognitive friction. This design aligns with prior research
emphasizing that successful smart supply chain adoption
depends on effective managerial integration and
organizational oversight [56].

Finally, while testing untested Al algorithms directly
on real networks poses unacceptable ethical and financial
risks (induced stockouts)—justifying our reliance on
high-fidelity stochastic simulation—we are currently in
the process of compiling and cleaning a real-world dataset
comprising 120 operational pharmacies. This forthcoming
dataset will enable the empirical field validation of these
simulated findings in our immediate future work.

7. Conclusion

The  strategic  selection of  pharmaceutical
replenishment policies requires a rigorous equilibrium
between financial efficiency and systemic risk mitigation.
This study addressed the methodological gap between
algorithmic computation and human strategic oversight
by introducing the Human-in-the-Loop (HITL) Z-
Number SWOT-VIKOR framework. By rejecting strict
hierarchical normalization in favor of a novel "Strategic
Modulation" mechanism, the framework successfully
data

mathematically critical 5%

preserved intrinsic variance, preventing a
rank distortion (p =
0.950,p < 0.01) among alternative policies. Evaluating
nine stochastic routing architectures, the extended
VIKOR algorithm identified a robust compromise set led
by the SMT-SSP policy (Q; = 0.000,R = 0.0556).

This result proved that spatial-opportunistic architectures
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uniquely possess the dominance stability required to
absorb environmental shocks. Ultimately, this research
provides supply chain practitioners with a bias-resistant,
mathematically anchored decision-support tool that
explicitly protects human ethical accountability while
harnessing the scalable precision of Artificial
Intelligence.
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