
STATISTICS, OPTIMIZATION AND INFORMATION COMPUTING
Stat., Optim. Inf. Comput., Vol. 16, Month 2026, pp 1–15.
Published online in International Academic Press (www.IAPress.org)

Toward A Robust and Learning-Based Decision Support Model: Hybrid
Preference Preservation Inverse Optimization-AHP Framework

Afaf Dadda 1,*, Nada Baddou 2, Rokaya Douiri 1, Latifa Ezzine 1

1Laboratory of Modeling and Optimization of Industrial Systems, University Moulay Ismail, Morocco
2Laboratory of Industrial Techniques, Sidi Mohamed Ben Abdellah University, FST Fez, Morocco

Abstract Industry 5.0 enhances Industry 4.0 paradigm by directing the evolution to more resilient, human-centric
and sustainable ecosystem. In this context, Decision Makers(DM) require the use of a more reliable Decision Support
Model(DSM). Multi-Criteria Decision Making(MCDM) framework offers great and consistent support. More recently, owed
to the advance in Artificial Intelligence (AI) techniques, several researchers try improving the classical MCDM frameworks
by proposing hybrid AI-MCDM models. These models can identify “the best decision” based on prediction, using historical
decisions Data. Nevertheless, two major limitations are listed: (i) in the case of small data set the AI prediction models
are not recommended. (ii) where transparency and trust are crucial, these models can be perceived as “black boxes” with
low interpretability or explicability. To overcome these limitations, this study proposes a new collaborative framework, that
incorporates a hybrid MCDM model based on “Inverse optimization (IO) and Human-In-The-Loop (HITL) validation”,
adequate for various dataset sizes, gives a better explicability and improves the Decision Trust. In this paper, the improved
IO-MCDM framework is applied to one of the famous MCDM method “Analytic Hierarchic Process (AHP)”. Entitled
“Preference Preservation Inverse Optimization-AHP (PPIO-AHP)”. The proposed framework, in addition to enhancing the
learning based on historical previous best decisions, improves AHP consistency and Preference Preservation Mechanism.
Finally, a “sustainable project evaluation” is established. The result emphasizes the transformative role of “human–Inverse
optimization-MCDM” collaboration, in progressing Industry 5.0’s vision of smart, sustainable, and human-centered decision
making.
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1. Introduction

The assessment of industrial projects has multifaceted aspects, frequently including several constraints (technical,
economic, environmental, etc.). Throughout the project lifecycle, various decisions are made and stakeholders
should successfully choose the appropriate parameters [1] and [2]. Selecting the appropriate decision (Alternatives,
choices, etc. . . ) is a complex multi-criteria decision making process. In fact, since its emergence in the 1970s until
now, various scientific studies [2], [3], [4] and [5], have addressed their decision problems by the use of MCDM
methods, due to their simplicity, adaptability and their potential for hybridization with other methods. Despite its
wide application, the challenge of handling dynamic decision-making environment and the exponential growth
in pairwise comparisons, introducing a degree of inconsistency and complexity, remains underexplored and very
limited [6], [7] and [36]. To overcome these limits, researchers combine MCDM and Artificial Intelligence (AI)
techniques (such as machine learning (ML) and/or deep Learning (DL)) to improve their ability to analyze and
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predict the best decision using historical decisions [8], [9] and [10]. In the major cases this Hybrid AI-MCDM
models can be perceived as “black boxes” lacking interpretability or explainability, and which may thus limit
their adoption for strategic decision making problems [11] and [37]. Thus, hence the need for more explainable
decision models adapted to strategic background, including the multi-criteria measurement and able to strengthen
trust, auditability and acceptance of decision-making actors. Recent progress in Inverse Optimization (IO) [12],
[13], [14] and Robust Optimization [15] are promising and may help overcome the classical limits of MCDM and
hybrid AI-MCDM. Historically, IO is used in optimization problems to infer the objective function from observed
optimal solutions [14]. This study presents a new collaborative framework in line with the principles of the industry
5.0-namely human centricity [25], [26] and [27], sustainability, resilience, and collaboration between humans and
Decision Support Systems (DSS) in adaptive environments. From a practical point of view, this study proposes a
learning and robust decision making framework, the following research questions are addressed:
RQ1: How can IO be used to overcome the limitations of existing MCDM approaches, learn from previous best
decisions, and thereby define a Decision Trust Index (DTI) to strengthen the decision-maker’s confidence?
RQ2: How can a “human in the loop architecture” be structured within an inverse optimization-based MCDM
framework to support expert validation, interpretation, and iterative learning?
This paper is structured as follows; Section 2 presents recent MCDM and inverse-optimization studies, then reviews
the Human-in-the Loop concept for an interactive decision process. Section3 details the proposed methodological
framework, combining IO-MCDM, HITL and Deision Trust Index. Section 4 illustrates the application of the
model through a sustainable case study, presents the results, and discusses the implication for industry 5.0. Section
5 concludes by highlighting the contributions, summarizing the key findings and future work.

2. Related works

2.1. Emerging Multi-Criteria Decision Making (MCDM) Frameworks.

To quantify the exponential growth in MCDM applications and identify the most widely used MCDM methods
in the current research, this section is based on significant MCDM’s review papers (most cited in Google scholar
dataset), published in the last three years in high-impact indexed journals.

• Authors in [20] provide a rich, 45-year bibliometric overview connecting MCDM methods (AHP, TOPSIS,
VIKOR, PROMETHEE, and ANP) and metaheuristics, identify emerging hybrid methods integrating AI,
fuzzy logic, and swarm intelligence with MCDM, and highlight a methodological shift toward data-driven,
sustainability-oriented and context-specific decision models.

• The paper [3] ] highlights a global review of more than 23,494 documents (from 1977-2022), identifies main
methods (AHP, TOPSIS, ELECTRE, VIKOR). The authors concluded that the scientific production growth
rate of 14.18 % per year, demonstrates the academic community’s interest in researching and publishing
publications on multi-criteria decision-making approaches.

• The review [4]consolidates insights from 3,655 peer-reviewed articles to highlight exponential growth in
MCDM applications, particularly in sustainable energy, urban planning, and healthcare optimization. And
concludes that MCDM’s potential lies in embracing inclusivity, advancing into emerging technologies like
Blockchain, the metaverse, and fostering collaboration across underrepresented regions and domains.

• The review [5] surveys more than 190 papers from 2010 to 2022, constructs a general structure of MCDM
techniques, provides a comprehensive review and analysis of it, and clarifies the current practices used in
sustainable transport, finally shows that VIKOR, AHP, ANP, PROMETHEE, and hybrid methods were found
to be the most widely used MCDM methods for low-carbon transport and green logistics.

• Paper [2] integrates MCDM into healthcare and medical decision support systems, identifies more than 140
MCDM papers, published during 2013 and 2022(available in the Scopus database) and conclude that the
most popular MCDM tool is Analytic Hierarchy Process (AHP).
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Finally, the above review studies show the increasing use of MCDM methods in last years, across various
field and demonstrate their ability to be hybridized with other methods.

2.2. Inverse Optimization and MCDM.

The main objective of Inverse Optimization (IO) is to infer the objective function of an optimization model from
observed optimal decisions [12] and [14]. So, rather than solving a traditional optimization problem, inverse
optimization reverses the process and defines a Forward Optimization model FOP as in [12]:

FOP(y, γ) = min
x

{f(x, y, γ) | x ∈ X(y, γ)} (1)

Where y ∈ Y and γ ∈ Θ, γ controls the objective function f(x, y, γ) and the feasible set X(y, γ). Consider y as
an input representing expert preferences, and γ as the parameter to estimate in (IO) problem . Typical objective
function modeling choices include linear, quadratic, and convex separable forms. So for the convex form, the
feasible set X(y, γ) is defined by m convex constraints, and the optimal solution is learned from an observed data
set.{(x̂i, ŷi)}Ni=1 , N ≥ 1 decisions and solution will be :

Xopt(y, γ) = arg min
x∈X(y,γ)

f(x, y, γ) (2)

The authors in [13] provide a comprehensive review of inverse optimization (IO) applications, and find that the use
of the IO concept has grown reflecting rising interest. Papers [15], [35] extend classical inverse optimization by
introducing a robust framework that accounts for uncertainty and imperfect observations in the decision-maker’s
behavior, this, Robust inverse optimization (RIO) recognizes that such decisions may be noisy or suboptimal.
Combining Inverse Optimization (IO) and Multi-Criteria Decision Making methods (MCDM) is an emerging
field of research. Recently, only a few researches hybridized MCDM method with Inverse Optimization (IO).
For example, Hung, H et al [16] and Flachs et al [18] have both proposed a new framework based on inverse
optimization and PROMETHEE. The author in [18] aim to provide a rigorous and efficient algorithmic framework
able to answer a crucial practical question: “How to improve one’s ranking position, referring to previous
preferences?”. In [16] Hung, H et al, integrate the Multi-Actor Multi-Criteria Analysis(MAMCA) with inverse
mixed-integer linear optimization, to enhances the PROMETHEE method with Inverse Optimization to explore
stakeholder compromise. These results are empirically validated and pave the way for many future applications
and research in the field of decision support.

2.3. Human-In-the-Loop and Interactive Decision Making

Recently, several research papers discuss how Human-In-The-Loop(HITL) can be an increasingly important
concept and how it can enhance the performance of various models [17], [21] and [22]. Indeed, in multi-criteria
decision making area, as in [16] , ], integrating the human as an active agent who continuously refines and enriches
the obtained results(decisions, recommendation, etc..) would improve decision-maker’s confidence and mitigate
systemic risks during the deployment of new support systems.
On the other hand, relevant woks show that integrating the AI-interactive decision making model will influence
the decision making process, as in [23], by reformulating the optimization problem as a constrained one. And so,
human preferences are used to restrict search space (Pareto front). In addition, authors in [24] present an interactive
multi-objective optimization approach in which the decision maker intervenes at each iteration, gives feedback
(preference, choices, directions) and the algorithm updates the search. The model allows human interaction and
the decision-maker can formulate the preferences influencing the selection of optimal solutions at each control
iteration. Other works such as [22], [23], show how human can influence optimization and constitute a solid basis
for building such dynamic framework, in which decision-maker dynamically adjust the constraints of a multi-
criteria optimization model in iterative way. Finally, in [28], the authors demonstrate that systems integrating a
human feedback, allows a better uncertainties management, improve the acceptance, reliability and operational
robustness of deployed solutions.
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Table 1. The main steps of human intervention in the multi-criteria decision-making model

Decision Stage Human intervention
Stage 1: Previous Decision Making Human assumes the preparation of the database including alterna-

tives, criteria, and preferences.

Stage 2: Inference stage The human interacts directly during model execution (e.g., the expert
co-leads and the decision-maker validates questionable decisions).

Stage 3: Post-decision Human feedback for efficiency and reliability validation.

2.4. Decision Trust Index(DTI) in MCDM literature

The notion of “Decision Trust Index(DTI)” can be defined as post-decision validation metric designed to quantify
how much confidence a decision maker can place in a recommended ranking, especially when multiple MCDM
approaches produce different results for same set of alternatives. Hence, the DTI is proposed to address this issue
by measuring the reliability of an aggregated ranking. According to a brief review based on “google scholar data
base”, the DTI is surprisingly underdeveloped in the MCDM literature and most MCDM papers focus on producing
a ranking, while relatively few assess how much confidence decision-makers should place in the recommended
alternative [41]. The literature review in last 3 decades can be classified into three generations:

• First Generation “Robustness and Confidence Measures(1990s-2010)”: Researchers did not use the term
Decision Trust Index, but they introduced metrics that essentially quantify the reliability of recommendation
as SMAA Confidence Factor [38].

• Second Generation “Robust Decision Analysis (2010-2020)”: Researchers realized that MCDM ranking can
change dramatically due to small perturbations in (criteria, normalization methods, aggregation operators
or expert judgments). For Sensitivity-Based Trust Measures, the existing methods are (Robust Ordinal
Regression, Stochastic Ordinal Regression, Robust PROMETHEE, Robust ELECTRE) [39].

• Third Generation” Reliability-Aware MCDM(2022-Present)”: The most recent trend focuses on reliability
itself. Recent MCGDM studies explicitly estimate “Expert Reliability”, “Source Credibility”, “Evidence
Reliability” and “Monte Carlo Stability Indices”, therefore the recommendation trust becomes “Trust=
f(ranking quality, expert reliability)” [40].

This literature has many trust-related indicators (confidence factor, acceptability index, robustness index, reliability
score), but there is no standardized Decision Trust Index that integrates avenue for a methodological contribution,
especially if you are developing a new MCDM framework.
This section highlights the important opportunity to improve the multi-criteria decision making model through
their integration with the paradigm of Inverse Optimization(IO) and the Human-In-The-Loop (HITL) to ensure
acceptability, auditability and safe decisions by defining a Decision Trust Index(DTI) related to MCDM new
framework.

3. The Proposed "Preference-Preserving Inverse Optimization–AHP with HITL" (PPIO-AHP) Framework

Under Industry 5.0 dynamic environments, it is important that a DSM be adaptive to change. This expectation
reinforces the importance of rethinking the framework in terms of adaptively and transparency. The proposed
collaborative human-inverse optimization-MCDM framework can be applied to various MCDM methods, and
constitutes a general HITL framework. The optimization layer is independent of the specific MCDM method used.
The general IO-MCDM model assumes a set of alternatives and criteria, together with a human-adjustable decision
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Figure 1. Proposed General Inverse MCDM HITL Framewor

vector/matrix.
IO operates on machine-generated criterion evaluation, human-feedback on “weights or preferences” and an
MCDM aggregation operator F(.), the decision score is therefore Si=F(ai, w, X) where F can be instantiated by
different MCDM methods( TOPSIS, VIKOR, AHP, ELECTRE..).
To enhance decision-maker confidence in the recommendations generated by classical MCDM models, a Decision
Trust Index (DTI) is introduced as an additional evaluation layer. Unlike traditional approaches that rely solely
on current judgements, the proposed DTI exploits historical decision cases that have been previously validated by
domain experts.
In this paper, the proposed framework is applied to Analytic Hierarchy Process(AHP), who since its introduction
by Thomas L. Saaty [31] has established itself as one of the most influential MCDM methods (as shown in
Table.1). Over the decades, AHP has experienced numerous extensions intend to overcome its limitations in
terms of subjectivity and uncertainty [32] and [33]. Fuzzy-AHP was proposed to model imprecise preferences
(probabilistic). Moreover, the integration of AHP with the AI techniques and Machine learning(ML) allowed to
develop hybrid-AHP, able to adjust dynamically the weights making this method more data- driven and adaptive
[29].
The proposed solution introduces an intrinsic modification of hybrid AHP and implements a full aggregation
scheme capable of producing a complete ranking of alternatives. The proposal enhances (i) the ability to
automatically correct the inconsistency of judgments, and (ii) the possibility of producing more reliable
recommendations, which are validated by the decision-maker in two ways (simple and preference-preserving
inverse AHP).
The framework is divided into two key interconnected components (As shown in Figure 1) includes:

• The first component combines the Inverse Optimization (IO) with an MCDM method. The suggested
framework formulates the problem as an inverse optimization model in which the pairwise comparison
matrix is processed as an unknown latent parameter inferred from historical decision data. The framework
follows the data-driven inverse optimization paradigm, where observed decisions are used to estimate hidden
parameters of a forward optimization model under imperfect model-data fit and the pairwise comparison
matrix becomes the unknown parameter vector of the forward optimization model FOP(A).

• The second component: The Human-In-the-Loop (HITL) interactive collaboration mainly involves
interactions between the expert and the decision-maker(s). Throughout all the decision process, both
human(s) collaborate in order to ensure their role in the loop; from the first step in which the expert assume
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the matrix and data preparation, to the final step when the decision-maker should validate the final decision
(As shown in Figure 2).

Notation and hypotheses

• Let A = {a1, . . . , an} be a set of n alternatives.
• Let C = {c1, . . . , cm} a set of m criteria.

For each alternative (choice, solution, etc.) ai, exists an evaluation vector A = (ai1, ai2, . . . , aim), and local
priority vector (performance) pij under criterion cj , where pij denotes the local priority of alternative ai
under criterion.

• Suppose (AHP) is appropriate, when criteria are reasonably independent and trade-offs between them are
acceptable.

• The weight that best reports on the observed choices :

w = (w1, w2, . . . , wm), wj > 0,

m∑
j=1

wj = 1. (3)

AHP Classical Decision Model In the classical AHP framework, the decision maker provide pairwise
comparisons represented by the reciprocal matrix: A= aij such that a>0, aij=1/aji and aii = 1. The criteria priority
vector: w = (w1, w2, . . . , wm)T is obtained from the principal eigenvalue problem:

Aw = Wλmax (4)

The resulting priority vector is then used to evaluate alternatives through a multi-criteria utility function or AHP
global Score (additive weighting):

Si(a,w) =

m∑
j

wjPij (5)

Alternatives are ranked by Si and the higher score indicates higher overall preference. So the best alternative match:

maxai∈A

m∑
j

wjPij (6)

And accordant to inverse optimization it match

minai∈A −
m∑
j

wjPij (7)

pij are linear (i.e. convex), the weighted sum (score Si) is convex.

3.1. The Proposed PPIO-AHP Model

To directly address the AHP limitations related to subjective and potentially inconsistent judgments, the proposed
PPIO-AHP model explores using Inverse Optimization IO to infer the pairwise comparison matrices themselves
from historical decision data. The proposed inverse optimization model includes: (i) Decision reconstruction, which
allowed the optimal solution learning from an observed data set. (ii) Consistency penalty, which tolerates the value
of CR to be less than 0.1. (iii) Preference preservation Mechanism based on minimal cognitive adjustment. The
distance term d(A,A0)))penalizes excessive deviation from the original matrix. So the solution A∗ directly follows
the data-driven inverse optimization structure and the Preference Preservation Analysis:

A∗ = argmin
A

1

n

N∑
k=1

l
(
a(k), a∗(A, uk)

)
︸ ︷︷ ︸

(i) Decision Reconstruction

+λ1 max (0, CR(A)− 0.1)
2︸ ︷︷ ︸

(ii) Consistency Penalty

+λ2d(A,A(0))︸ ︷︷ ︸
(iii) Preference

(8)
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Where l(.) the loss function type Hinge Ranking Loss which better measures the discrepancy between observed
and predicted decisions. For each alternative a∗ ̸=a(k)

l =
∑

a∗ ̸=a(k)

max(0, 1− S(a(k))(k) + S(a∗)(K)) (9)

• CR(A) denotes Saaty’s Consistency Ratio and subject to CR(A)≤0.1

• And A((0)) is the original judgment matrix provided by decision maker.
• d(A,A((0))) measures the deviation from the initial cognitive preferences, λ1 ∈ [0.1; 0.3] and λ2 ∈ [0.3; 0.6]

are regularization parameters.

The proposed framework is designed as a generic inverse optimization model that can be applied to various
decision-making contexts. As a result, the regularization coefficients ( λ1 and λ2) are treated as configurable
hyper parameters rather than fixed model constants. Their values should be determined by the domain expert
in collaboration with the decision maker to reflect the characteristics and priorities of the specific application(step
3 Figure2). These values are therefore designed as practical starting points.
Consistency Preservation Strategy: The proposed framework introduces a Preference Preservation Mechanism
which preserve the decision maker preference trough a proposed cognitive adjustment. The distance term:
d(A,A((0))) penalizes excessive deviation from the original matrix. In this study, the Frobenius norm is adopted:

d(A,A(0)) = ||A−A(0)|F 2 =
∑
i,j

(Xi,j −X
(0)
i,j )

2 (10)

This strategy guarantees that consistency improvement is achieved with the smallest possible alteration of the initial
judgments. The Preference Preservation Index(PPI) is defined as:

PPI = 1− d(A∗, A(0))/dmax (11)

A high PPI value indicates strong preservation of the original decision-maker cognition.
Consistency Ratio computation: The consistency ratio is computed according to Saaty’s formulation. For each
pair comparison matrix (m x m), the Consistency Index(CI) is obtained as:

CI = (λmax −m)/(m− 1) (12)

CR = CI/RI (13)

Where λmax is the maximum eigenvalue of matrix A and RI is Saaty’s Random Index (Notice that frequently,
RI values for m>10 are obtained from extended Monte Carlo estimates available in the literature). The constraint:
CR≤0,1 ensures acceptable logical consistency.
Sensitivity test PPIO-AHP: Since the proposed PPIO-AHP model learns A∗ from historical decisions D, the
inferred matrix may depend on the composition of the observed dataset. Variations in the observed decision set
or in the associated ranking may affect the reconstructed preference model. The purpose of sensitive analysis
is to evaluate how the inferred pairwise comparison matrix responds under similar variations. To assess this
effect, a leave-one-out (LOO) strategy was employed. For each (k ∈ 1, .., N), a reduced dataset was constructed
by removing the corresponding decision-context pair: D−k = D/(a((k)), uk). The inverse optimization problem
was then solved again using the reduced dataset. The sensitivity was quantified using the Frobenius distance
between the full-data solution and the leave one-out solution S(K) = ||A(−k) −A∗||F . The Frobenius norm was
selected because it provides a natural measure of the overall discrepancy between two pairwise comparison matrices
while preserving computational simplicity. A small value of S(k) indicates that the reconstructed model remains
stable after removing observed (kth observation, whereas larger values of S(k) reveal higher sensitivity to the
corresponding observed decision.
In this framework, the LOO procedure is not intended to prove insensitivity to historical data; rather, it is used to
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Table 2. Decision Trust

DTI Trust level
<0.5 Low

0.5 – 0.7 Moderate
0.7-0.85 High

>0.85 verry High

identify whether the reconstructed preference model is particularly sensitive to a specific set of past decisions or
whether the learned preference structure remains globally consistent. Therefore, robustness is interpreted as the
ability of the reconstructed preference model to maintain stable preference structures under small perturbations
induced by the removal of individual historical decision while remaining sufficiently adaptive to incorporate
informative historical decisions.
Decision Trust Index: The original assumption is that recommendations revealing a high degree of similarity with
past accepted decisions are more likely to be perceived as reliable and truthful by decision makers. The DTI is
therefore defined, in this study, as a quantitative measure of the consistency between the current MCDM-derived
ranking and the ranking associated with historical validated cases. Finally, by using simple trust metric based solely
on ranking stability (Stability Ratio=Number of unchanged alternatives ranking/ Total alternatives, Spearman’s "ρ",
Kendall’s Tau “”)
A simple Decision Trust Index(DTI) can be defined as: DTI = (StabilityRatio+ ρ+ τ)/3. A higher DTI
value indicates a stronger agreement between the current recommendation and the organization’s historical
decision patterns, thereby providing an additional level of assurance without altering the decision-maker’s original
preference. The Trust Level(TL) can be for example defined between 0 and 1 as explained in Table 2 .
Consequently, the proposed framework not only preserves the interpretability and consistency properties of the
classical AHP methodology but also incorporates organizational experience into the decision-making process,
resulting in improved trust, transparency and acceptance of the final recommendation.

3.2. A Step-by-Step PPIO-AHP Methodology

To implement the proposed hybrid Inverse AHP, the proposed methodology is detailed in six steps:
Step1 : The Performance Matrix
The objective is to define the MCDM performance Matrix. The Expert collaborates with the Decision Maker (DM)
to:

• Identify the key evaluation dimensions: Financial assessment, environmental impact, technical risk
• Structure the appropriate criteria framework: incorporates a maximum of criteria, categorized to address

explicit facets of “problem” performance and effect. For example: the technical criteria include efficiency
and reliability measurements, the Environmental criteria assess the ecological sustainability and footprint,
the social criteria consider the risk and opportunities of local population and the financial criteria measure
the financial viability.

• Collect and integrate real data sources to define the multi-criteria decision making perfor-
mance Matrix: Based on the decision-makers preferences an initial pairwise comparison matrix
A(0)isbuiltandmaycontaininconsistencies.

Step2:Forward AHP Evaluation
The priority vector of A(0) is computed using the AHP eigenvalue method and the alternatives utilities are then
evaluated. The initial ranking is obtained.
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Figure 2. PPIO-AHP HITL Framework

Step3: Historical Validate Decision Acquisition
Historical ranking is collected to construct dataset D. The Observed Decision Dataset assume that a historical
dataset of decision is available:

D = (a(k), uk)|k = 1...Nt (14)

Where a(k) denotes the validate selected alternative, and uk represents the nearest(similar) contextual information
associated with decision instance k. Therefore, inverse optimization seeks parameters that render observed
decisions approximately optimal under the forward model.
Step4: PPIO-AHP is executed
The inverse AHP problem is solved to infer the latent matrix A∗ minimizing by ranking reconstruction error,
inconsistency and cognitive deviation.
Step5: Decision Trust Index and human validation
Once the inverse ranking is achieved, the Decision Trust Index(DTI) is estimated and the Expert discuss with the
Decision Maker(DM) the proposed PPIO-AHP result:

• If he validates the above inverse AHP ranking, the decision is taken.
• If If he does not validate this ranking, so a feedback is operationalized by adjusting the size of the historical

window. The updated is used to rebuild D*and the PPIO-AHP problem is resolved (Steps 3 to 5) until the
DM validates the ranking.
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Step6: Final Ranking DM take decision and in the future, if the selected PPIO-AHP decision is demonstrate its
effectiveness as one of the best decisions, then it will be automatically storage in the D data-set of the historical
best decisions.

3.3. Proposed Interactive Human in The Loop and PPIO-AHP framework

Industry 5.0 redefines industrial automation by placing greater emphasis on cooperation between humans and
systems. Rather than replacing humans, it places them at the center of intelligent decision-making loops. Human-
in-the-Loop (HITL) approaches align with this shift, enabling continuous interaction between systems and human.
At the core of this study, a Human-In-the-Loop and PPIO-AHP pipeline is defined, as illustrated in Figure 2.Human
(Expert & DM) rather than acting solely as data validators, intervene after the reconstruction of the preference
model to assess the consistency and practical relevance of the inferred pairwise comparison matrix. Based on this
assessment, Human (Expert & DM) can confirm the reconstructed preference structure or request refinement by
re-examining historical decision data used as input to the inverse optimization model. It is important to note that,
in the current version of the proposed framework, human feedback is integrated at the decision support level,
while expert feedback determines whether the reconstructed preference model is accepted or if the reconstruction
process should be repeated using revised historical information. in the future it’s suggested that an optimization-
based feedback mechanism. he human intervention is mainly during all the decision making process (as shown in
Table 1) and the decision support model learns from human feedback.

• The first human collaboration: The Expert interacts with DM to define the AHP parameters
(Alternatives/Criteria) then the Expert collects and pretreats data.

• The second human intervention: The Expert collaborates with DM to build “Dataset D” of the K previous
best decisions.

• The final human collaboration: Once the inverse ranking is accomplished and the DTI is estimated then
Decision maker chooses the most trustful ranking.

Consequently, the proposed decision support framework establishes a robust human-centric teaming component
to support decision-maker acceptance. The bi-level optimization formalizes preference elicitation as a reverse
optimization problem, adjusting variables to reproduce observed decisions. Then, the stability (robust versus
unstable preferences) and sensitivity (impact of perturbations). Due to the proposed framework, the hybrid decision
support model become more reliable.

4. Case study: Experimental results

The Human in the loop collaboration is essential for the industry 5.0 as human co-evolution-technology, based
on symbiosis and responsibility, Decision-maker confidence then becomes an indicator of decision-making
performance.
In this paper, the case study focuses on the prioritization of strategic renewable energy projects, integrating
energy water-environmental (NEXUS) considerations [30]. In the renewable energy project selection process, it
is important to categorize a comprehensive set of criteria to ensure a harmonious and well-organized decision.
This study considers 9 strategic projects, inspired from real case (Moroccan Solar Plant). A thorough evaluation is
crucial to optimize the sustainable project choice, as illustrated in (Table 3). The ten selected criteria are aligned
with (IEA, World Bank, UN SDGs), and are classified into three key categories: Technical, environmental/social
and economic. Each group detailed a precise aspect to assess the performance of the considered project(Table4).
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Table 3. List of Alternatives

Code Project
A1 Large-scale photovoltaic solar park (Ain BNI MATHAR

ONEE)
A2 AIT BAHA park.
A3 ECARE
A4 Noor I project (MASEN)
A5 Noor II project (MASEN 2024/ACWA 2025)
A6 Noor III project
A7 Hybrid CSP/PV Noor Midelt I project
A8 Noor Midelt II project
A9 Sud-Project

This type of issue is widely documented in MCDA works applied to sustainable energy policies IEA (Energy policy
indicators), World Bank (Sustainable infrastructure).

Table 4. List of Criteria

Code Criteria
C1 DNI(Kwh/m2/years)
C2 Cost « investment operating » (MDH)
C3 CO2 reduction
C4 Capacity of Production (MW)
C5 Storage (average hour)
C6 Superficies (Ha)
C7 Project Life time ( years)
C8 Distance (Km)
C9 Land Slope (%)
C10 Job opportunities

The decision maker is usually a national public authority (Ex: MASEN, IRESEN, ONEE.), responsible of energy
planning and possessing a history of decisions made on similar projects.
The classical AHP process includes three “priorities levels” and each level is validating by the “Consistence Index
(CI)”, which is a key concept used to measure how consistent the decision maker’s pairwise comparisons in AHP.
In the above case study, the criterion C1, C2, C3 are considered more important than C4 toC10 .

Table 5. Initial matrix

Project C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A1 2290 4600 2 470 1 160 20 6 2.1 60
A2 2200 30 3 3 5 24 25 20 5 7
A3 2050 19 4 1 2 2 20 25 4 2
A4 2635 9000 3 160 3 480 20 10 1.1 80
A5 2635 1050 3 200 7 680 25 10 1.1 80
A6 2635 8300 3 150 7.5 750 25 10 1.1 80
A7 2630 20000 2 800 5 3000 25 20 1.5 150
A8 2630 10000 3 400 2 1500 25 20 1.5 75
A9 2630 24000 3 1000 5 4500 25 20 1.5 175
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4.1. PPIO AHP application

By formulating the behavior of the decision-maker as an inverse optimization problem, the proposed method
allows us to retrieve implicit preference structures consistent with historical decisions.
To perform a controlled evaluation based on scenarios of the proposed method, this case study suppose a DM’s
history choice over the last 10 years and so construct a determinist synthetic dataset (R(1) to R(10)).
Subsequently, ten historical scenarios were created by changing the position of a part of the alternatives in each
scenario. Each ranking thus represents a distinct hypothetical preference history of the decision-maker.
So for each ranked alternatives R(t) it exist a chosen alternative y(t): for t = 1, ..,K it exist a set of ranked
alternatives R(t) and the chosen alternative y(t):

R(1) = A3 > A1 > A2 > A7 > A8 > A4 > A5 > A6 > A9 and y(1) is A3;
R(2) = A3 > A1 > A7 > A2 > A8 > A4 > A5 > A6 > A9 and y(2) is A3;
R(3) = A1 > A2 > A3 > A7 > A8 > A4 > A5 > A6 > A9 and y(3) is A1;
R(4) = A5 > A2 > A1 > A8 > A7 > A3 > A4 > A6 > A9and y(4) is A5;
R(5) = A2 > A1 > A3 > A8 > A7 > A5 > A4 > A6 > A9 and y(5) is A2;
R(6) = A6 > A3 > A7 > A2 > A8 > A4 > A5 > A1 > A9 and y(6) is A6 ;
R(7) = A3 > A7 > A4 > A2 > A8 > A9 > A5 > A6 > A1and y(7) is A3;
R(8) = A1 > A5 > A9 > A3 > A2 > A6 > A7 > A8 > A4 and y(8) is A1;
R(9) = A4 > A5 > A6 > A1 > A3 > A7 > A2 > A8 > A9 and y(9) is A4 ;
R(10) = A9 > A3 > A2 > A1 > A7 > A8 > A4 > A5 > A6 and y(10) is A9.

These controlled ranking variations allow the proposed learning mechanism to infer the evolution of the decision
maker’s preferences and update the ranking accordingly. Then the objective is to find out an A∗ while the
total score be consistent with the observed preferences, preserve the decision-maker first preference A(0) and
consistency (0%<IC<10%).

Table 6. The inverse optimized Ranking PPIO-AHP

Alternatives Code Classic AHP Ranking Inverse Ranking Observed change of Score
A1 2 2 Similar
A2 3 3 Similar
A3 1 1 Similar
A4 6 6 Similar
A5 7 7 Similar
A6 8 8 Similar
A7 4 5 Change
A8 5 4 Change
A9 9 9 Similar

In this case study the optimized inverse ranking proposes a set of best recommended alternatives sA3 > sA1 > sA2,
the priority calculated converges towards the empirical preference of the decision maker over 10 years (as showed in
Table 6). In this case its observed that PPIO-AHP keeps the same 3 first best alternatives and 70% of similar ranking
for the 6 last alternatives. Generally, the comparison between the rankings produced by the proposed framework
and those obtained using classical AHP. When the optimized ranking remains concordant with the classical
AHP ranking, the agreement can be interpreted as an additional source of confidence for the decision maker,
since the recommendation is simultaneously supported by the original preference model and by the historical
learning process. Conversely, when the proposed framework yields a ranking that differs from the classical AHP
result, and the interaction human- PPIO-AHP has done regulate the hyper parameter/ Historical decision set D∗

without significant modification of this results; so the obtained divergence should not be always interpreted as an
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inconsistency. Rather, it may reveal that the historical best decisions convey additional knowledge not captured by
the original pairwise comparisons alone. In this case, the divergence becomes informative, as it highlights situations
where the decision maker’s initial preferences and the historical evidence do not fully align.

4.2. Sensitivity test of PPIO-AHP Ranking

To explain the proposed sensitivity analysis, the experiment was directed using a dataset composed of ten
observed PPIO-AHP decision scenarios. First, the inverse optimization model was solved using the complete
dataset to reconstruct the consensus pairwise comparison matrix A∗

10 and the corresponding baseline ranking
R10 = (A3 > A1 > A2 > A8 > A7 > A4 > A5 > A6 > A9), Subsequently, a leave-one-out (LOO) procedure was
achieved by removing each decision scenario individually and reconstructing a new consensus matrix. For
illustration, consider the case in which the removed observation corresponds to a decision favoring alternative
A9 . After solving the inverse optimization problem with the reduced dataset, the resulting ranking becomes
R9 = (A3 > A1 > A2 > A8 > A5 > A4 > A7 > A6 > A9) , where the only change is the interchange between
alternatives A5 and A7. The confidence intervals associated with the priority weights of the leading alternatives A3

overlap across the LOO realizations, indicating that the first ranked alternative is conserved despite the removal of
an individual historical decision. According to DTI classification presented in Table 2, the reconstructed ranking is
therefore categorized as a “Very High Trust/Very High Stability”, with a DTI value close to 0,90.
Generally, the LOO results indicate that the proposed framework exhibits a controlled sensitivity to historical
knowledge. Removing a single historical decision produce only limited modifications in the reconstructed
preference structure, suggesting that the reconstructed preference structure is not arbitrarily unstable when one
historical decision is removed, yet it remains sufficiently responsive to the informational content of past best
decisions. This observation is particularly important for the interpretation of robustness in the proposed framework.
Unlike conventional robustness analyses, where low sensitivity to all data variations is generally expected, the
present model is explicitly designed to learn from historical decisions.
Consequently, some degree of variation under the LOO procedure should not be interpreted as a weakness; rather,
it confirms that the historical learning component actively contributes to the reconstruction of the optimized AHP
matrix. In this sense, the LOO analysis should be understood as a measure of historical influence rather than as a
test of strict invariance.

5. Conclusions and perspectives

This paper proposes a trust-enhanced Analytic Hierarchy Process(AHP) framework that integrates historical
decision knowledge through Inverse Optimization into classical multi criteria decision-making approaches, to
enhance the reliability, interpretability, and verifiability of decision making process. The results of the study address
two critical research questions regarding the enhancement of classical MCDM models by Inverse Optimization (IO)
and the integration of the Human-In-the-Loop (HITL).
Regarding the RQ1, this research has revealed that IO can effectively overcome the inherent limitations of classical
AHP. By inferring latent preference structures directly from historical decision-making data, the IO-based approach
confirmed that inverse optimization could reconstruct the priorities of policymakers that better align with observed
actions, thus improving the reliability of the model and the traceability of decisions. The concept of a Decision
Trust Index (DTI) was introduced to quantify the level of agreement between the current recommendation and
historical validated decisions.
Regarding RQ2, the study proposes a unified human in the loop framework where expert feedback and behavioral
data inform the optimization process. This design enables the integration of human expertise into the decision
making process. The proposed solution offers decision-makers not only a recommended ranking but also an
interpretable indication of its trustworthiness, thereby improving the acceptance and perceived reliability of the
decision support process.
Overall, the proposed framework provides a methodologically rigorous and ethically transparent paradigm for
modeling complex decision-making behaviors.
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Despite its contributions, this research has some limitations: (i) The absence of uncertainty handling mechanism,
such as fuzzy or interval-based pairwise comparisons (ii) Moreover, total aggregation approaches generally assume
criteria independence and full compensability. (iii) an additional limitation is due to the unused AI techniques, for
example automated data collection and generative AI techniques.
As future perspectives:

• The proposed approach will be extended to additional aggregation methods (as the partial and local
aggregation) and future works would propose a new hybrid IO-MCDM based on further methods such
as “TOPSIS, ELECTRE or VIKOR”. Thus, will generalize the integration of inverse reasoning across
various decision-making models. Such extensions would supplementary contribute to the development of
auditable and ethically transparent decision support systems, thereby bridging the gap between prescriptive
and descriptive analyses in multi-criteria decision analysis.

• The integration of real-time dynamic adjustment of the HITL interaction with new inverse-multi-criteria
optimization models. The use of Large Language Model and Generative AI, would be an additional
enhancement for a future data-driven Hybrid IO-decision support systems.
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