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Abstract: Supply chain decision-making under uncertainty requires integrating quantitative risk assessment with
interpretable artificial intelligence. This paper extends the FRAM-AHP (Functional Resonance Analysis Method
- Analytical Hierarchy Process) framework by embedding explainable AI (XAI) techniques to enhance trans-
parency in multi-criteria risk prioritization. We introduce a theoretical foundation through a novel theorem es-
tablishing how functional variability propagates through decision hierarchies, along with a formal proposition on
AI-augmented optimization strategies. Our framework combines MCDA principles with machine learning inter-
pretability (LIME and SHAP) to ensure decision transparency for supply chain managers. We demonstrate that
integrating functional resonance theory with explainable decision models reduces decision bias by quantifying the
impact of operational variability on risk priorities. Computational experiments on real supply chain datasets show
that the framework achieves 27% improvement in decision consistency while maintaining full interpretability.
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1 Introduction
Modern supply chains operate in increasingly un-
certain environments characterized by global inter-
connectedness, regulatory complexity, and techno-
logical disruption, [1], [2], [3]. Supply chain risk
management has evolved significantly over the past
two decades, with researchers emphasizing the need
for systematic approaches to identify, assess, and
mitigate disruption risks, [4], [5]. Recent global
events, including the COVID-19 pandemic, have fur-
ther highlighted the importance of building resilient
and viable supply chains, [6], while the emergence
of Industry 4.0 technologies has transformed supply
chain operations, [7]. Traditional risk management
approaches often fail to capture the non-linear dynam-
ics of systemic failures and the cascading effects of
operational variability [8]. The analytical hierarchy
process (AHP) [9] provides structured multi-criteria
decision-making but lacks mechanisms to account for
complex functional interactions. Extensions of AHP,
including its integration with fuzzy logic, [10], [11],
and combination with other MCDA methods such as
TOPSIS, [12], have been widely applied in supply
chain contexts. Modified failure mode and effects
analysis approaches have also been employed to eval-
uate supply chain risks, [13], while Monte Carlo sim-

ulation techniques provide quantitative risk assess-
ment capabilities, [14]. The Functional Resonance
Analysis Method (FRAM) addresses the limitation of
static approaches bymodeling how small variations in
system functions can amplify to create systemic risks,
[15].

However, existing FRAM-AHP implementations
face a critical limitation: they do not provide
decision-makers with interpretable explanations of
why certain risk priorities emerge. This is particularly
problematic in regulated industries and organizations
pursuing trustworthy AI adoption. Decision-makers
need not only to know the priority ranking but to un-
derstand the contribution of each variable and how
functional variability influences this ranking, [16].

This paper addresses this gap by integrating ex-
plainable artificial intelligence (XAI) techniques into
the FRAM-AHP framework. We contribute:

1. A formal theoretical framework establishing how
functional variability impacts decision hierar-
chies (Theorem 1);

2. A proposition on optimal AI-augmented decision
strategies under uncertainty (Proposition 1);

3. An implementation combining MCDA with
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model-agnostic interpretability methods (LIME,
SHAP);

4. Empirical validation showing improved decision
consistency and transparency.

This work bridges the gap between black-box AI
predictions and transparent MCDA, enabling organi-
zations to implement trustworthy AI in supply chain
risk management.

2 Theoretical Framework
2.1 Decision Hierarchy and Functional

Variability
Let H = (L0, L1, . . . , Ln) denote a decision hierar-
chy with levels Li where L0 is the goal, Ln contains
alternatives, and intermediate levels contain criteria,
[17]. Letw(i)

j denote the priority weight of criterion j
at level i, computed via AHP pairwise comparisons.

For each criterion, we associate a critical function
Fj = (Ij , Oj , Pj , Rj , Cj , Tj) from FRAM analysis,
where variability is measured as σj ∈ [0, 1], with 0
representing stable performance and 1 representing
high variability.

Definition 1 (Functional Resonance Impact). The
functional resonance impact of criterion j is defined
in Equation (1):

FRIj = σj · A(Fj) (1)

where A(Fj) is the adjacency impact measure rep-
resenting how function Fj propagates variability to
dependent functions.

2.2 Main Theoretical Result
Theorem 2 (Variability-Adjusted Priority Propaga-
tion). Let w = (w1, . . . , wm) be the priority vector
from AHP for m criteria, and let σ = (σ1, . . . , σm)
be the functional variability vector from FRAM anal-
ysis. Define the adjusted priority vector w∗ =
(w∗

1, . . . , w
∗
m) where, as shown in Equation (2):

w∗
j = wj · (1 + α · σj), j = 1, . . . ,m (2)

with normalization
∑m

j=1w
∗
j = 1, and α > 0 is

a sensitivity parameter. Then, for any two alterna-
tives Ai and Ak with scores ri = (ri1, . . . , rim) and
rk = (rk1, . . . , rkm), the ranking difference satisfies
Equation (3):

|R∗
i −R∗

k| − |Ri −Rk| ≤ α

m∑
j=1

σj |rij − rkj | (3)

where Ri =
∑m

j=1wjrij and R∗
i =

∑m
j=1w

∗
j rij .

Proof. We have, as shown in Equation (4):

R∗
i −R∗

k =

m∑
j=1

w∗
j rij −

m∑
j=1

w∗
j rkj

=

m∑
j=1

wj(1 + ασj)(rij − rkj)

= (Ri −Rk) + α

m∑
j=1

wjσj(rij − rkj)

(4)

By triangle inequality, as expressed in Equa-
tion (5):

|R∗
i −R∗

k| − |Ri −Rk|

≤

∣∣∣∣∣∣α
m∑
j=1

wjσj(rij − rkj)

∣∣∣∣∣∣
≤ α

m∑
j=1

wjσj |rij − rkj |

≤ α

m∑
j=1

σj |rij − rkj | (5)

where the last inequality uses wj ≤ 1 and∑m
j=1wj = 1. □

2.3 Interpretation and Implications
Theorem 1 provides theoretical grounding for inte-
grating operational variability into multi-criteria deci-
sions. The bound establishes that variability-induced
ranking changes are proportional to both the variabil-
ity levels σj and the differences in criterion scores.
This formalization enables supply chain managers to:

• Quantify the maximum possible ranking pertur-
bation due to functional variability;

• Calibrate the sensitivity parameterα based on or-
ganizational risk tolerance;

• Identify criteria where variability control yields
greatest decision stability.

3 XAI Integration and
Trustworthiness

3.1 Explainable AI Techniques
Modern machine learning models can predict supply
chain risks effectively but lack interpretability. We
employ two complementary XAI methods:

LIME (Local InterpretableModel-agnostic Ex-
planations), [18]: For prediction f(x) at instance x,
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LIME approximates f locally by a linear model g
minimizing Equation (6):

L(f, g, πx) =
∑
z∈Z

πx(z)[f(z)− g(z)]2 (6)

where πx is a proximity measure and Z is a set of
perturbed samples near x.

SHAP (SHapley Additive exPlanations), [19]:
Based on cooperative game theory, SHAP values ϕi

for feature i satisfy Equation (7):

ϕi =
∑

S⊆N\{i}

|S|!(|N | − |S| − 1)!

|N |!
[f(S∪{i})−f(S)]

(7)
These values satisfy the efficiency property:∑n
i=1 ϕi = f(x)− f(∅).

3.2 Proposition on Trustworthy AI-MCDA
Proposition 3 (Optimal AI-Augmented Decision
Strategy). An AI-augmented MCDA system achieves
trustworthy decision-making if the following condi-
tions hold:

(C1) Explainability Sufficiency: The SHAP ex-
plainability ratio satisfies Equation (8):

ρSHAP = 1−R2
SHAP < 0.15 (8)

(C2) Multi-Method Consistency: For top-k fea-
tures, LIME and SHAP agree with probability p >
0.90, as stated in Equation (9):

P (Top-kLIME = Top-kSHAP) > 0.90 (9)

(C3) Decision Alignment: Adjusted weights w∗

correlate with aggregated SHAP importance, as ex-
pressed in Equation (10):

corr(w∗, ϕ̄) > 0.80 (10)

where ϕ̄j = E[|ϕj |] across instances.

Rationale. Condition C1 ensures SHAP captures
> 85% of prediction variance, C2 guarantees ro-
bustness across explanation methods, and C3 aligns
MCDA weights with learned feature importance. To-
gether, these criteria establish that AI-augmented de-
cisions are transparent, consistent, and theoretically
justified.

3.3 Framework Architecture
The integrated FRAM-AHP-XAI framework oper-
ates through the following pipeline:

1. FRAM Analysis: Identify critical functions and
measure variability σj for each;

2. AHP Weights: Conduct pairwise comparisons
to obtain base weights wj ;

3. Theorem 1 Adjustment: Apply variability ad-
justment to get w∗

j ;

4. ML Training: Train models with features
weighted by w∗

j ;

5. XAI Analysis: Compute SHAP and LIME ex-
planations for predictions;

6. Validation: Verify Proposition 1 criteria (C1–
C3);

7. Decision Output: Provide rankings with
feature-level explanations.

This architecture ensures decisions are not only ac-
curate but also interpretable and aligned with domain
expertise encoded in FRAM-AHP.

4 Computational Implementation
4.1 Algorithm Description
The computational workflow of the FRAM-AHP-
XAI decision framework is presented in Table 1,
which describes the step-by-step procedure for inte-
grating functional variability analysis with explain-
able AI techniques.

Table 1: FRAM-AHP-XAI Framework Algorithm
Step Description
Input: Data D, criteria C
Output: Ranked alternatives
1 FRAM analysis: extract {σj}
2 AHP comparisons: compute {wj}
3 Theorem 1: w∗

j ← wj(1 + ασj)
4 Train ML model fw∗

5 For each xi ∈ D:
5a Predict: yi = fw∗(xi)
5b SHAP values: {ϕij}
5c LIME: {lij}
6 Verify Prop. 1 (C1–C3)
7 Rank by {yi}
8 Return rankings, {ϕij}

Legend: σj = variability; wj = AHP weight; w∗
j = adjusted weight;

ϕij = SHAP value.
Source: created by the authors.

4.2 Complexity Analysis
The computational complexity is dominated by:

• AHP: O(m2nc) for m criteria and nc compar-
isons;

• ML training: O(nsm logm) for ns samples (typ-
ical ensemble);

WSEAS TRANSACTIONS on BUSINESS and ECONOMICS 
DOI: 10.37394/23207.2025.22.214 Massimiliano Ferrara, Valeria Isgrò

E-ISSN: 2224-2899 2729 Volume 22, 2025



• SHAP computation: O(nam2m) exact, or
O(namT ) for T samples;

• Total: O(namT + nsm logm) for practical im-
plementations.
For supply chains with m ≈ 10–20 criteria and

na ≈ 100 alternatives, computation time remains un-
der 5 minutes on standard hardware.

5 Experimental Results
5.1 Dataset and Evaluation Metrics
We evaluated the framework on 200 supply chain risk
scenarios frommanufacturing, logistics, and distribu-
tion networks. Each scenario comprises:
• 12–18 risk criteria (demand volatility, supplier
reliability, transportation costs, regulatory com-
pliance, etc.);

• 50–100 alternative mitigation strategies;

• Historical performance data spanning 3–5 years.
Metrics:
• Decision Consistency: AHP consistency ratio
(CR)

• Explainability: SHAP ratio ρSHAP
• Agreement: LIME-SHAP top-3 concordance

• Efficiency: Decision time (hours)

• Trust: Stakeholder confidence (survey-based)

5.2 Key Findings
Decision Consistency Improvement: Traditional
AHP without FRAM adjustment yielded mean CR
= 0.152 across scenarios, indicating marginal con-
sistency. Integrating FRAM variability adjustment
(Theorem 1) reduced this to CR = 0.112, a 27% im-
provement. This enhancement reflects better align-
ment between expert judgments and operational real-
ities captured by functional variability analysis.

Explainability Performance: The SHAP ex-
plainability ratio averaged ρSHAP = 0.089 (R2

SHAP =
0.911), well below the 0.15 threshold in Proposi-
tion 1 (C1). LIME-SHAP agreement on top-3 fea-
tures reached 94%, exceeding the 90% criterion (C2).
Decision-SHAP correlation met threshold (C3) in
98% of scenarios, with only 2 outlier cases featuring
unusual risk structures.

Practical Impact: Average decision time de-
creased from 4.5 hours (manual sensitivity analysis)
to 2.1 hours (automated SHAP), a 53% reduction.
Stakeholder confidence improved from 62% to 89%
when explanations were provided alongside rankings,
demonstrating that interpretability significantly en-
hances acceptance.

5.3 Comparison with Baselines
Table 2 summarizes performance against baseline
methods.

Table 2: Decision Methods: a comparison
Method CR ρSHAP Time (h)
Traditional AHP 0.152 — 4.5
FRAM-AHP 0.118 — 3.8
Black-box ML — 0.241 1.2
FRAM-AHP-XAI 0.112 0.089 2.1
Legend: CR = consistency ratio; ρSHAP = SHAP

explainability ratio; Time = average decision time in
hours.

Source: created by the authors.

The integrated framework achieves best-in-class
performance across consistency, explainability, and
efficiency dimensions.

6 Discussion
6.1 Theoretical Contributions
The theoretical framework developed in this paper,
formalized through Equations (1)–(10), provides a
rigorous foundation for integrating operational vari-
ability into multi-criteria decisions. Theorem 1
formalizes the intuition that operational variability
should adjust priority weights, providing a bounded
adjustment mechanism: ∆R ≤ α

∑
j σj · rj . This

bound quantifies permissible decision modifications
and enables systematic risk prioritization.

Proposition 1 connects explainability directly to
decision trustworthiness, establishing concrete con-
ditions (C1–C3) for AI adoption in MCDA. The re-
quirement that SHAP-based explanations align with
decision weights ensures transparency without sacri-
ficing model sophistication.

6.2 Practical Implications
Organizations can implement transparent, auditable
supply chain risk decisions without sacrificing ana-
lytical power. The framework’s modularity allows
substitution of different MCDA methods (TOPSIS,
ELECTRE) or ML models, provided XAI analysis is
applied consistently.

The 27% consistency improvement and 53% time
reduction translate directly to operational benefits:
faster response to supply disruptions, better resource
allocation, and higher stakeholder buy-in for risk mit-
igation initiatives.

6.3 Limitations and Future Work
Current implementation assumes independence be-
tween criteria—extension to hierarchical correlations
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is underway. The framework’s sensitivity to α cal-
ibration requires further investigation of optimal se-
lection mechanisms. Future work should explore:

• Dynamic scenarios where variability changes
over time, requiring adaptive weight adjust-
ments;

• Integration with reinforcement learning for se-
quential decision-making in supply chains;

• Extension to multi-objective optimization with
competing risk/cost/resilience trade-offs;

• Real-timemonitoring systems that update FRAM
variability assessments continuously.

7 Conclusion
This paper bridges theoretical gaps in MCDA and
practical needs in supply chain risk management.
By combining FRAM’s functional perspective with
AHP’s hierarchical structure and XAI’s interpretabil-
ity requirements, we provide supply chain managers
with transparent, theoretically justified, and practi-
cally implementable decision tools.

The novel theorem establishes how variability
propagates through decision hierarchies, while the
proposition provides concrete conditions for trust-
worthy AI-augmented decisions. Empirical valida-
tion demonstrates significant improvements in deci-
sion consistency (27%), efficiency (53% time reduc-
tion), and stakeholder confidence (from 62% to 89%).

As organizations increasingly adopt AI for crit-
ical operational decisions, the framework’s empha-
sis on explainability and theoretical rigor positions it
as a model for trustworthy AI in supply chain man-
agement and beyond. Future extensions to dynamic
environments and multi-objective settings promise
broader applicability across diverse operational con-
texts.
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