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Abstract
Group decision-making and negotiation increasingly take place in settings where 
stakeholders hold divergent objectives, values, and interpretations of evidence. How-
ever, Large Language Models (LLMs) integration in collective decision processes 
remains constrained by limited traceability, weak procedural control, and ambiguity 
regarding the role of human judgment. This conceptual paper proposes a reference 
architecture for agentic Artificial Intelligence (AI) in Group Decision and Negotia-
tion (GDN) that integrates language-based reasoning with formal Multi-Criteria De-
cision-Making (MCDM) procedures. The architecture assigns two complementary 
classes of specialized agents to discrete stages of the process: generative agents, 
responsible for interpretative tasks such as problem structuring, criteria definition, 
and preference elicitation, and logical agents, responsible for deterministic opera-
tions including weighting, aggregation, and ranking. A human-in-the-loop (HITL) 
governance layer supervises tasks requiring subjective judgment or domain exper-
tise, ensuring consistency, transparency, and auditability throughout the decision 
workflow. The primary contribution is a modular reference architecture, grounded 
in design science principles, that decouples generative interpretation from formal 
evaluation within a unified and auditable decision pipeline. The framework is il-
lustrated through a representative multi-stakeholder scenario demonstrating the co-
ordination of agents and human oversight across all stages of the MCDM process.
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1  Introduction

In contemporary decision-making environments, the participation of multiple stake-
holders has become a defining characteristic of complex organizational, societal, and 
strategic problems. Stakeholders typically contribute heterogeneous perspectives, 
values, expertise, and objectives that must be reconciled under conditions of uncer-
tainty, limited information, and conflicting priorities. Multi-Criteria Decision-Mak-
ing (MCDM) provides a methodological framework for structuring such problems 
by enabling the systematic evaluation and ranking of alternatives across multiple, 
often conflicting, criteria (Roy 1990). In this context, group decision-making and 
negotiation are central, as decision quality relies not only on analytical rigor but also 
on integrating divergent viewpoints into outcomes that are both methodologically 
valid and socially acceptable.

Although classical MCDM approaches are methodologically rigorous, they face 
persistent challenges in large-scale or multi-stakeholder decision scenarios. As the 
number of participants and criteria increases, preference divergence intensifies, com-
plicating consensus formation and elevating the risk of conflict (Kirschner 2002). 
Simultaneously, inconsistencies in individual judgments, arising from bounded ratio-
nality, limited expertise, or cognitive effort, can undermine the internal coherence of 
pairwise comparisons and aggregation procedures (Kuller et al. 2023). These chal-
lenges are further amplified in negotiation contexts, where strategic behavior, infor-
mation asymmetries, and communication barriers often distort preference elicitation 
and compromise trust in the decision process. Therefore, there is a need for decision-
support mechanisms that not only compute outcomes but also structure interaction, 
validation, and justification throughout MCDM-supported group decision processes.

To address these challenges, recent research in decision science has increasingly 
focused on integrating Artificial Intelligence (AI) techniques into traditional deci-
sion-support systems (Liao et al. 2023). Data-driven models have shown potential 
to enhance consistency, scalability, and operational efficiency by automating repeti-
tive tasks, supporting preference elicitation, and extracting insights from large and 
heterogeneous datasets. The advent of Large Language Models (LLMs) has further 
expanded these capabilities (Harsha et al. 2024). Due to their advanced natural lan-
guage understanding, reasoning, and generative abilities, LLMs facilitate more intui-
tive human–machine interaction, enable the interpretation of unstructured inputs, and 
support interactive decision assistance throughout complex analytical workflows.

Nevertheless, integrating LLMs into decision-support systems introduces sig-
nificant limitations. LLMs function as probabilistic generative models with largely 
opaque internal reasoning processes, which raises concerns about consistency, repro-
ducibility, and trustworthiness, especially in contexts requiring methodological 
rigor and auditability. Minor variations in prompts can result in divergent recom-
mendations, and without explicit constraints, LLM-generated judgments may vio-
late the theoretical assumptions of established MCDM methods. Consequently, fully 
automated or monolithic LLM-based decision systems do not sufficiently meet the 
requirements of high-stakes or collaborative decision environments, where human 
oversight, traceability, and formal correctness are critical.
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In this evolving context, Agentic AI has emerged as a promising paradigm for 
developing more reliable and controllable AI-assisted decision-support systems 
(Acharya et al. 2025). Agentic AI encompasses architectures in which multiple auton-
omous yet coordinated agents are assigned explicit roles, objectives, and operational 
constraints, allowing them to collaboratively execute complex workflows (Sapkota 
et  al. 2025). Unlike purely reactive generative systems, agentic architectures pri-
oritize task decomposition, role specialization, and controlled interaction, properties 
that align with the sequential and modular structure of MCDM methodologies.

Accordingly, an Agentic AI MCDM framework is proposed in which the sequen-
tial stages of the decision process, including problem formulation, domain and crite-
rion elicitation, weighting, evaluation, aggregation, and interpretation, are supported 
by specialized agents with clearly defined methodological roles. Generative agents, 
instantiated using LLMs, are responsible for interpretative and semantic tasks that 
require contextual reasoning and explanation, while logical agents execute formally 
specified MCDM procedures to ensure determinism, consistency, and theoretical 
validity.

To ensure transparency, robustness, and human oversight, the framework incor-
porates structured human-in-the-loop (HITL) mechanisms at predefined decision 
stages that require subjective judgment or domain expertise. Human feedback is 
documented, versioned, and explicitly validated, preventing uncontrolled refinement 
loops and preserving accountability and traceability. This design maintains the theo-
retical rigor of classical MCDM methods while leveraging the flexibility and expres-
sive capabilities of LLMs in a disciplined and auditable manner.

Methodologically, this research follows a design science research orientation 
(Hevner et al. 2004), in which the primary artifact is a reference architecture, that is, 
a normative and prescriptive model that specifies structural components, their rela-
tionships, and coordination principles, rather than an implemented system subject 
to empirical performance evaluation. This positioning is deliberate, as the frame-
work’s contribution lies in establishing architectural constraints and design rationale 
that can guide subsequent implementation, empirical validation, and domain-specific 
adaptation.

The main contributions of this paper are threefold. First, it introduces a conceptual 
architecture for Agentic AI in Group Decision and Negotiation (GDN), providing a 
modular and normative blueprint that structurally integrates specialized agent roles, 
formal MCDM procedures, and HITL governance within a unified and auditable 
decision workflow. Second, it establishes a principled decoupling of generative inter-
pretation and formal evaluation as a core architectural principle, demonstrating how 
LLM-based agents can augment rather than replace human judgment while preserv-
ing methodological traceability and reproducibility throughout the MCDM pipeline. 
Third, it formalizes a structured HITL governance model that embeds validation, con-
sistency-checking, and versioned human input at predefined decision stages, which 
ensures accountability, transparency, and alignment with the procedural requirements 
of multi-stakeholder decision and negotiation contexts.

The remainder of this paper is organized as follows. Section 2 reviews related 
work on AI-enhanced decision-support systems, with emphasis on LLM integration 
into MCDM and group decision-making. Section 3 introduces the proposed Agen-
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tic AI framework, covering both the internal agent architecture and the end-to-end 
MCDM workflow orchestration. Section 4 illustrates the framework through a rep-
resentative scenario and discusses its limitations. Finally, Section 5 summarizes the 
contributions and outlines future research directions.

2  Background & Related Work

The complexity of current MCDM problems has increased substantially, primarily 
due to the challenges of reconciling diverse individual preferences and mitigating 
cognitive biases associated with processing large volumes of data for comprehensive 
analysis and insight generation. These challenges, in turn, increase the risk of incon-
sistent or suboptimal recommendations (Djartov et al. 2024). Consequently, consid-
erable efforts have been made in the literature to enhance the accuracy and robustness 
of recommendations.

The integration of AI into MCDM has progressively enabled the development of 
more data-driven and objective decision-support frameworks (Nguyen et al. 2024). 
AI-driven systems can enhance both group and individual performance by facilitat-
ing joint value creation, improving the consistency of judgments, and supporting 
informed consensus-building. Moreover, AI has the potential to improve operational 
efficiency by automating repetitive tasks, optimizing communication flows, and 
dynamically adapting to the evolving needs of stakeholders.

These capabilities extend across critical stages of group decision-making and 
negotiation processes, including problem structuring, preference elicitation, alterna-
tive generation, concession modeling, and conflict management. Among these stages, 
determining reliable criteria weights plays a pivotal role, as it directly influences 
the outcomes of multi-criteria evaluations. In this context, AI-driven methodologies 
have demonstrated promising results in extracting objective weights from historical 
data (Zhao et al. 2024). A prominent line of research focuses on leveraging feature 
importance metrics from ML models to determine criteria weights (Arabameri et al. 
2019). The studies conducted in this scope suggest a concrete improvement over tra-
ditional expert-based methods, reducing dependence on subjective human judgments 
(Abdulla et al. 2023).

At the same time, as decision-making scenarios increasingly apply a larger num-
ber of evaluation criteria, managing the complexity of decision problems has become 
a critical challenge. To address this, dimensionality reduction techniques, such as 
Principal Component Analysis (PCA), have been used to identify and retain the most 
important criteria while eliminating redundancy and noise within the set of evaluation 
criteria (Costa et al. 2024). These advancements have been crucial for simplifying 
the structure of the decision problem, enabling more efficient analysis and allowing 
decision-makers to focus on the most relevant information without compromising the 
quality of the analysis. For example, Yang et al. (2008) applied PCA to streamline the 
evaluation of sustainable supplier performance, successfully reducing the number of 
criteria without impacting the quality of the final selection.

Deep learning architectures have further extended these capabilities by enabling 
the analysis of unstructured and high-volume data, supporting more comprehensive 
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decision analyses (Yang et al. 2020; LeCun et al. 2015). Complementary work has 
integrated Bayesian networks with MCDM to address incomplete expert knowledge 
(Kaya et al. 2023), while sentiment analysis of user-generated content has been incor-
porated into multi-criteria recommender systems to capture implicit stakeholder pref-
erences (Angamuthu and Trojovský 2023). Despite these advances, the quality and 
reliability of outcomes remain sensitive to judgment inconsistencies, communica-
tion inefficiencies, and cognitive biases, which represent limitations that motivate the 
integration of LLMs into decision-support workflows.

In this way, the integration of LLMs into decision science represents a promis-
ing step toward the next generation of decision-support systems (Hendriksen 2023). 
Particularly, their core capabilities for understanding and generating natural human 
language open new avenues for improving communication clarity, fostering consen-
sus-building, and facilitating the structured gathering and aggregation of preferences 
among diverse stakeholder groups.

In this regard, these architectures can be further used to support advanced deci-
sion-support workflows through mechanisms such as in-context learning, instruction 
following, and tool use. In-context learning allows models to acquire new task skills 
from just a few examples provided in the prompt (Dong et al. 2024). By operation-
alizing the expected outputs through prompt-based demonstrations, this approach 
avoids the need for extensive fine-tuning or retraining. Consequently, it facilitates 
rapid adaptation to evolving decision-making scenarios and supports flexible gener-
alization across varying task specifications. On the other hand, instruction-following 
assigns LLMs to perform a wide range of tasks based on natural language instruc-
tions, supporting flexible, user-friendly, and adaptable decision-making procedures 
(Lou et al. 2024). Ultimately, tool use enables LLMs to interface with external sys-
tems, APIs and knowledge bases, facilitating the efficient retrieval, processing, and 
integration of domain-specific information (Carolan et al. 2024).

In line with this potential, recent research has started to explore the use of LLMs 
in decision-support operations. As a result, there is an increasing focus on develop-
ing domain-specific LLMs, which are fine-tuned with specialized vocabularies and 
knowledge bases tailored to sectors or disciplines. These models provide a deeper 
understanding of context and can generate more accurate and relevant insights 
when applied to decision-support tasks within specific domains. For instance, Tariq 
et al. (2024) developed a domain-specific LLM for clinical applications related to 
prostate cancer. The model was evaluated on tasks that involved predicting clinical 
information and answering questions. Then, it was compared to a similarly sized 
general-purpose model (GPT-2) and a larger domain-specialized model (BioGPT). 
The domain-specific LLM outperformed GPT-2 in both tasks and even outperformed 
BioGPT in predicting clinical information, while also showing advantages in ques-
tion answering. These results highlight that targeted training on specialized data and 
vocabulary can yield more accurate and contextually relevant outputs for decision 
support in specific domains (Chen et al. 2024).

The integration of LLMs as virtual experts into MCDM frameworks is also an 
emerging research area. In this case, LLMs function as scalable knowledge bases 
for identifying decision criteria and can be prompted to generate quantitative judg-
ments, such as pairwise comparisons or performance scores. Additionally, LLMs can 
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simulate various expert personas, enabling the rapid formation of virtual panels. This 
capability facilitates a more detailed and efficient exploration of the decision-mak-
ing landscape. A pioneering study by Wang and Wu (2024) explored the application 
of ChatGPT as an MCDM tool for supplier evaluation. According to the proposed 
methodology, supplier evaluations were initially conducted using a traditional AHP 
and Fuzzy Comprehensive Evaluation approach, based on data collected from expert 
surveys. ChatGPT, specifically the GPT-3.5-turbo model, was then used to generate 
comparable evaluations via targeted prompts designed to mimic expert assessments. 
The findings revealed a strong alignment between the evaluations generated by Chat-
GPT and those produced by human experts. In addition, the authors demonstrated 
that these results could be further improved through the implementation of advanced 
prompting strategies, including chain-of-thought reasoning, demonstrations, and vot-
ing ensembles.

Building on this recent research, Wang et  al. (2025) introduced an LLM-based 
framework designed to automate and enhance the performance of MCDM systems 
across various domains. The authors evaluated several open-source and commer-
cial LLMs based on three representative applications: supplier evaluation, customer 
satisfaction, and air quality assessment. The results showed that when LLMs were 
applied without specialized prompting techniques, they achieved a moderate accu-
racy of 60%. However, this improved significantly to 70% when methods such as 
few-shot learning and chain-of-thought reasoning were used. To further bridge the 
gap between machine and expert performance, the authors fine-tuned open-source 
models using Low-Rank Adaptation (LoRA) methods.

Lu et al. (2024) introduced a novel approach that combines LLMs with the Analytic 
Hierarchy Process (AHP) for the multi-criteria evaluation of open-ended responses. 
In the initial phase, these models automatically generate multiple evaluation criteria 
specific to the given question. In the subsequent stage, LLMs perform pairwise com-
parisons of candidate answers based on each criterion. The outcomes are then aggre-
gated using the AHP to produce a final ranking or score for each answer. The results 
validate the proposed approach by demonstrating a high degree of alignment with 
human judgment when compared against four established baseline methods across 
four distinct datasets.

Another study conducted by Zuheros et  al. (2024) analyzed the integration of 
ChatGPT into crowd decision-making processes, focusing on prompt design strate-
gies to extract structured evaluations from unstructured social media reviews. For 
this purpose, the research evaluated five distinct models with different prompt strate-
gies to gather assessments from user-generated content. These models encompassed 
polarity classification, numerical and linguistic scoring, multi-criteria evaluation 
using category ontologies, and comprehensive end-to-end decision systems capable 
of providing an overall opinion and score for various alternatives. The experimental 
results demonstrated consistent rankings across most models, which aligned well 
with traditional sentiment analysis-based baselines. However, the article also identi-
fied critical challenges related to the consistency, sensitivity, and explainability of 
ChatGPT outputs. To address these issues, the authors highlighted the importance of 
prompt engineering as a core element for the continued development of more trans-
parent and explainable decision-support systems based on LLMs.
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Extending this line of research, Aljohani et  al. (2025) proposed an innovative 
approach that combines LLMs with the Fuzzy Best-Worst Method (FBWM) to 
improve agile requirements change management in global software development. 
This research addresses the limitations of traditional expert-driven MCDM tech-
niques, particularly the subjectivity and uncertainty that can arise in dynamic envi-
ronments. In this study, GPT-4 was used as a global project management expert to 
conduct Best-Worst method comparisons. It identified the most and least important 
factors and rated the other factors in relation to them through structured prompt engi-
neering. The findings suggest a high level of alignment and consistency between the 
prioritization outcomes of human experts and those of LLMs.

Although promising advancements have been noted in the literature regarding AI-
based decision-support frameworks, several limitations remain, and further research 
is needed to address them. Among these challenges, a primary concern consists of 
ensuring the reliability and validity of outputs generated by LLMs Bender et  al. 
(2021). Due to their black-box nature and opaque internal knowledge representa-
tion and reasoning processes, the acceptability of LLM-generated outputs in decision 
analysis can be compromised, particularly in scenarios that require interpretability, 
transparency, and user trust. To address these challenges, prior research has empha-
sized the integration of validation mechanisms, such as expert review, structured 
verification procedures, and HITL validation, in order to ensure the reliability and 
credibility of LLM-assisted decision outcomes before their full adoption (Amiriza-
niani et al. 2024). Despite recent advancements, several challenges persist regard-
ing the consistency, bias, and sensitivity of LLM-based assessments. Notably, small 
variations in prompt formulation can generate divergent recommendations (Loya 
et al. 2023). In addition, latent biases embedded in the training data of these mod-
els may inadvertently influence the outputs, potentially compromising the fairness 
and objectivity of decision support. To mitigate these concerns, current research has 
explored the incorporation of feedback loops aimed at evaluating the logical coher-
ence and validity of LLM outputs, either through secondary LLMs or rule-based vali-
dation mechanisms (Bilal et al. 2025). In this context, ChatGPT has been integrated 
into the MCDM Python library pyDecision to interpret and elucidate the results of 
various MCDM techniques, offering interactive, natural language explanations that 
enhance the interpretability and accessibility of complex analytical outputs (Pereira 
et al. 2024).

Furthermore, researchers are also analyzing techniques such as fuzzy logic and 
uncertainty quantification to evaluate the confidence levels of LLM-generated judg-
ments and, consequently, improve the robustness of decision-making processes (Ling 
et al. 2024). For example, Dong et al. (2024) proposed integrating verbal uncertainty 
estimation into LLM-based evaluations to identify outputs associated with low con-
fidence. The study concludes that filtering these uncertain responses can enhance the 
consistency of LLM-generated decisions and improve their alignment with human 
ground truth, especially in personalization tasks.

As LLMs continue to evolve within decision-support domains, this research aims 
to address the persistent challenges associated with integrating them into structured 
decision-making frameworks. Building upon recent advancements and the current 
state-of-the-art, the proposed framework introduces a modular decision-support sys-
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tem based on the Agentic AI concept. In this architecture, specialized AI agents are 
assigned to discrete stages of the decision-making pipeline, enhancing transparency 
and mitigating a critical limitation of conventional LLM-based systems, namely 
the propensity to generate inaccurate or logically inconsistent outputs (Huang et al. 
2025).

Notable progress in this direction has already been demonstrated. For instance, 
Svoboda and Lande (2024) developed a custom ChatGPT agent supported by a set of 
virtual expert personas, each tailored with domain-specific expertise and personality 
features. These agents collaboratively executed all stages of the AHP, including crite-
ria elicitation, pairwise comparisons, and consistency verification, to identify optimal 
strategies for mitigating social engineering risks in corporate data centers. Addition-
ally, the study explored prompt engineering, the use of custom GPT instances, and 
aggregation strategies, setting a precedent for how generative AI can be embedded 
into structured MCDM workflows. In comparison with the approach presented in 
this study, although both methodologies employ the AHP as the core mechanism 
for deriving criterion weights, several methodological distinctions emerge. Svoboda 
and Lande (2024) assume a prompt-driven orchestration strategy in which domain-
specific virtual experts are instantiated via manually configured GPT-based agents. 
These agents function independently and are activated sequentially, lacking inter-
agent coordination or access to shared memory. In contrast, this research introduces 
an Agentic AI-based architecture characterized by modular agent roles, task-specific 
memory, and structured inter-agent collaboration. This design enables dynamic 
orchestration and preserves contextual coherence throughout the MCDM pipeline. 
Moreover, while Svoboda and Lande (2024) predominantly rely on subjective scor-
ing and aggregation procedures, the proposed framework integrates iterative HITL 
feedback and consistency validation mechanisms to enhance both transparency and 
decision robustness. By decomposing the decision process into agentic modules, the 
architecture facilitates traceability, adaptability, and improved scalability in complex 
decision-making environments.

In summary, despite the advancements made in LLM-Based MCDM, several gaps 
remain in the literature, specifically in the areas of model interpretability, dynamic 
coordination among agents, and robust validation of generated judgments. First, 
many current systems still depend on static prompt engineering and sequential agent 
interactions, which limit adaptability and reduce the contextual coherence of deci-
sions across stages. This undermines the potential of fully Agentic AI architectures, 
where modular agents should dynamically share memory, coordinate tasks, and adapt 
their reasoning based on the evolving state of the problem. Furthermore, while initial 
attempts to simulate expert panels through virtual personas have demonstrated prom-
ising results, these agents often lack the capacity for genuine deliberation, reflexive 
adjustment, or negotiation when conflicting perspectives emerge, which represent 
key aspects for group decision-making scenarios.

Moreover, the literature often overlooks rigorous mechanisms for ensuring trace-
ability, logical consistency, and reproducibility in multi-agent decision outputs. Most 
LLM-generated recommendations still operate within black-box abstraction pipe-
lines, raising concerns about their reliability, particularly in sensitive domains where 
auditability is critical.



1 3

Page 9 of 22     45 Agentic AI Architecture for Multi-Criteria Decision-Making: A…

Likewise, despite some integration of HITL feedback and uncertainty estimation, 
there is limited research on how to systematically calibrate confidence levels across 
distributed agent contributions, especially when agents exhibit divergent levels of 
task-specific competence. Moreover, although few-shot prompting and instruction-
following techniques have enhanced LLM performance in structured tasks, they 
remain sensitive to slight changes in input phrasing, usually producing volatile or 
biased outcomes. This sensitivity poses challenges for maintaining stability and 
fairness in longitudinal decision-support applications. Another underexplored area 
involves the ethical and procedural implications of delegating authority to autono-
mous agents in collective decision-making processes, including accountability attri-
bution and preserving user agency. Finally, while the literature highlights the benefits 
of domain-adapted LLMs, few studies rigorously assess how domain-specific fine-
tuning impacts the collaborative behavior of multi-agent systems or scales across 
diverse decision environments.

3  Conceptual Framework: An Agentic AI Architecture for 
Collaborative MCDM

This section presents the conceptual foundations of the proposed Agentic AI architec-
ture for collaborative MCDM. Section 3.1 introduces the agent model architecture, 
detailing the internal design principles, reasoning mechanisms, memory structures, 
and role constraints that support the behavior of individual agents. Section 3.2 then 
describes the overall system architecture, explaining how specialized agents are 
orchestrated and coordinated to implement an end-to-end MCDM workflow.

3.1  Conceptual Agent Architecture and Functional Components

The proposed framework adopts a role-based multi-agent paradigm as a structured 
mechanism for organizing, executing, and validating the sequential stages of the 
MCDM process. This approach leverages the decomposability of established MCDM 
methods, such as the AHP and related hierarchical frameworks, which segment the 
process into analytically distinct yet interdependent stages: problem formulation, 
criteria elicitation, weighting, evaluation, and aggregation. Each stage requires 
heterogeneous reasoning, combining formally specified analytical operations with 
subjective, interpretative, and collaborative judgments. As a result, a single uniform 
reasoning model cannot adequately support the entire decision workflow. The agent-
based abstraction enables these diverse reasoning requirements within dedicated 
computational entities, while preserving transparency, traceability, and methodologi-
cal control throughout the decision process (Guo et al. 2024).

The primary methodological contribution of the framework is the explicit separa-
tion of distinct reasoning regimes through two complementary agent classes: logical 
agents and generative agents (Chen et al. 2025). Logical agents are assigned to tasks 
in which correctness is defined by formal specification rather than contextual interpre-
tation, encompassing those stages of the MCDM process that require deterministic, 
rule-based, or mathematically formalized reasoning. These agents operate exclu-
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sively through deterministic computational procedures, implemented as discrete and 
verifiable units designed to execute established MCDM algorithms with controlled 
and reproducible behavior. Generative agents, in contrast, employ an LLM as their 
core reasoning engine and are designed to support tasks requiring semantic interpre-
tation, abstraction, and controlled content generation, including problem structuring, 
criteria definition, and the articulation of subjective judgments into operationaliz-
able inputs for subsequent analytical processing. This separation is grounded in the 
recognized limitation that LLM outputs are non-deterministic by nature, rendering 
generative inference unsuitable as a sole mechanism for tasks where consistency and 
reproducibility are required conditions rather than desirable properties (Mohammadi 
et al. 2025). The architecture operationalizes this separation through three explicit 
mechanisms. First, all formally specified analytical operations are confined to logi-
cal agents, which execute them through deterministic procedures whose inputs and 
outputs are independently verifiable, ensuring that identical validated inputs produce 
identical results regardless of the language model employed by generative agents 
(Sureshkumar 2026). Second, generative agents are restricted to interpretative and 
communicative tasks, and their outputs are subject to structured HITL validation 
before entering the analytical pipeline, preventing unverified LLM-generated con-
tent from directly influencing computational results (Lazaros et al. 2026). Third, all 
human inputs, agent outputs, and inter-stage transitions are explicitly recorded and 
versioned, that is, each validated state is stored as an immutable snapshot indexed by 
stage, iteration, and timestamp, enabling complete post-hoc traceability of the deci-
sion process (Ojewale et al. 2026). Together, these mechanisms provide the architec-
tural basis for auditability and reproducibility within the proposed framework.

To ensure structured and verifiable operation, generative agents incorporate an 
explicit internal architecture comprising a modular memory subsystem, constrained 
tool access, and predefined interaction protocols. The memory subsystem is designed 
to differentiate among short-term working memory, long-term validated knowledge, 
entity memory, contextual memory, and user-specific memory, reflecting the het-
erogeneous informational requirements that arise across the distinct stages of the 
decision process. Critically, memory updates occur only upon task completion and 
validation, ensuring that persistent knowledge reflects confirmed decisions rather 
than provisional or speculative content. Building on this internal structure, the exter-
nal information access and augmentation capabilities of generative agents are strictly 
regulated. Tool usage, including retrieval-augmented generation over scientific lit-
erature, knowledge bases, and shared repositories, is governed by explicit constraints 
based on agent roles and assigned tasks at the architectural level. These constraints 
prevent uncontrolled information access and speculative reasoning, ensuring that 
generative outcomes remain consistent with the objectives of structured decision 
support.

Furthermore, HITL interaction is architecturally integrated as a stage-specific gov-
ernance mechanism, exclusively associated with generative agents. Consistent with 
the validation and traceability mechanisms described above, human intervention is 
invoked only at predefined decision stages where subjective judgment or domain 
expertise constitutes an indispensable input. Upon acceptance, human inputs acquire 
the status of authoritative constraints that can be neither modified nor overridden by 
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any agent, whether generative or logical. This governance principle prevents cir-
cular reasoning and retroactive rationalization of prior decisions, while reinforcing 
accountability and internal consistency across the decision workflow. The compu-
tationally intensive stages of the pipeline, including weight derivation, normaliza-
tion, aggregation, and ranking, are executed autonomously by logical agents without 
dependence on human response time. Human involvement is therefore confined to 
the architecturally bounded set of validation checkpoints defined above, representing 
a structurally delimited fraction of the overall decision process rather than a through-
put constraint.

Although precise latency measurements require empirical evaluation, a structural 
analysis of the proposed workflow permits a preliminary estimation of the HITL 
impact on operational throughput. The end-to-end pipeline comprises twelve discrete 
functional stages, of which six involve HITL validation checkpoints: problem for-
malization, domain confirmation, domain weight validation, criteria validation, crite-
ria weight confirmation, and decision matrix review. The remaining stages, including 
pairwise comparison computation, consistency ratio evaluation, normalization, 
weighted aggregation, global ranking, and result explanation, are executed autono-
mously by logical agents at computational speed. Consequently, HITL interaction 
is structurally confined to approximately half of the pipeline stages. Furthermore, 
within each checkpoint, interaction is bounded by predefined iteration limits (e.g., a 
maximum of two to three revision cycles), which constrains the maximum time over-
head per validation gate. In practical terms, the autonomous computational stages 
would execute in the order of seconds to minutes, while HITL stages would depend 
on stakeholder availability, potentially ranging from minutes in synchronous settings 
to hours or days in asynchronous multi-stakeholder configurations. Nevertheless, 
given that this work advances a conceptual reference architecture grounded in design 
science principles, a precise quantitative characterization of interaction latency is 
deferred to future empirical investigation, as discussed in Section 5.2.

From an implementation perspective, the proposed agent model is compatible 
with contemporary role-based agent orchestration paradigms. As a concrete illustra-
tive example, the CrewAI framework, developed by Moura (2024) as an open-source 
platform for orchestrating role-playing autonomous AI agents, provides a realization 
of the abstract agent model described in this section, in which agents are defined 
through explicit role, goal, and task specifications, as shown in Figure 1. This clear 
separation between conceptual design and implementation ensures that the proposed 
framework remains extensible and adaptable across various orchestration platforms 
and execution environments, of which CrewAI represents one possible instantiation.

3.2  Overall System Architecture: Multi-Agent Orchestration and End-to-End 
Workflow

The proposed framework operationalizes the MCDM methodology by orchestrating 
the agents introduced in Section 3.1 into a structured, interpretable, and method-
ologically controlled analytical pipeline. Rather than acting as a passive execution 
environment in which MCDM steps unfold independently, the framework serves as 
an active orchestrator that regulates information flow, enforces methodological con-
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straints, and activates each stage of the decision process through agents instantiated 
with their designated reasoning regimes. Formally specified analytical stages are exe-
cuted by logical agents, while interpretative, semantic, and collaborative stages are 
delegated to generative agents, ensuring a strict alignment between agent capabilities 
and methodological requirements.

The workflow begins with problem formalization, a stage that involves semantic 
interpretation and contextual understanding. A dedicated generative interpretation 
agent transforms raw stakeholder inputs into a structured representation encoding 
the decision objective, candidate alternatives, relevant constraints, and contextual 
assumptions. This representation constitutes the semantic backbone of the entire 
methodology and is stored in contextual memory, enabling subsequent agents to 
retrieve, refine, and operationalize it as the decision process evolves. At this stage, a 
controlled HITL validation mechanism is activated, allowing stakeholders to confirm 
or correct the interpretation. Consistent with the framework’s design principles, this 
interaction is bounded to a limited number of iterations, and all validated correc-
tions are persistently recorded to prevent repeated misinterpretations or uncontrolled 
refinement loops.

Building on the validated problem representation, the methodology advances to 
the domain elicitation and weighting stage. Generative agents propose an initial set 
of decision domains inferred from the structured problem representation and provide 
contextual justifications for their relevance. These proposals are subsequently vali-
dated by users through a bounded interaction process. The elicitation phase termi-
nates once the user either explicitly confirms the proposed domain set or no further 
modifications are introduced within the predefined iteration limit, at which point the 
validated domains are treated as fixed inputs for subsequent analytical stages.

Fig. 1  Conceptual agent architecture and functional components. The diagram depicts the internal 
structure of a generative agent, including its attributes, memory subsystem, external tool access, and 
task specification
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Once validated, domain weighting is conducted using an agentic AHP-based 
procedure. Generative agents produce candidate pairwise comparisons accompa-
nied by concise semantic justifications that reflect subjective judgment and contex-
tual interpretation. These comparisons are then passed to a logical weighting agent, 
which deterministically computes the priority vector and evaluates the consistency 
ratio using formally specified algorithms. HITL interaction is invoked only after a 
full comparison and consistency evaluation cycle has been completed, rather than 
after individual comparisons. To prevent infinite refinement cycles, the framework 
enforces explicit iteration limits and escalation mechanisms, such as targeted revi-
sion of specific comparisons or direct human correction of inconsistent entries. All 
validated adjustments are stored in memory, ensuring that generative agents do not 
reintroduce previously rejected judgments.

A similar agent-driven procedure governs the elicitation and weighting of criteria 
at subordinate hierarchical levels. Generative agents propose domain-specific eval-
uation criteria based on contextual memory, while logical agents verify structural 
validity. After stakeholder validation, criteria weights are computed using the same 
deterministic AHP workflow applied at the domain level. Versioned memory states 
enable rollback, targeted re-evaluation, and the prevention of circular or self-contra-
dictory updates, maintaining internal mathematical consistency across the hierarchy.

Once the hierarchical structure is finalized, the methodology proceeds to the eval-
uation stage. At this point, the decision matrix is instantiated, and performance val-
ues for each alternative–criterion pair are populated. These values may be provided 
directly by stakeholders or, when appropriate, inferred or extracted by specialized 
intelligence agents using available datasets, analytical models, or contextual knowl-
edge sources. This hybrid strategy supports efficient decision matrix construction 
while preserving transparency into data provenance. All agent-generated or inferred 
values are explicitly recorded and, when required, subject to human validation.

Normalization of performance values is performed exclusively by a logical agent 
using predefined, rule-based procedures associated with the selected MCDM method. 
Human oversight is invoked only in exceptional cases where attribute semantics (e.g., 
cost-versus-benefit interpretation) require explicit confirmation.

Following normalization, evaluation and aggregation are conducted through logi-
cal agents that compute weighted scores for each alternative by combining normalized 
performance values with validated criteria and domain weights. These computations 
are deterministic and reproducible, requiring no iterative human refinement. If stake-
holders introduce contextual constraints or preferences that affect interpretation, such 
input is mediated through bounded generative-agent workflows without altering the 
underlying analytical computations.

The ranking and synthesis phase is executed by a logical synthesis agent that 
aggregates weighted evaluations into global priority scores, fully respecting the 
validated hierarchical structure. In addition to producing a final global ranking, the 
framework may generate domain-level rankings to support comparative analysis and 
negotiation. Generative agents may subsequently be invoked to explain, contextual-
ize, or visualize ranking outcomes for stakeholders; however, these explanations do 
not modify the analytical results produced by logical agents.
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Throughout all stages, the proposed framework depends on explicit agent coor-
dination and control mechanisms to maintain analytical rigor, interpretability, and 
operational robustness within the MCDM workflow. As illustrated in Figure 2, the 
workflow employs four distinct line conventions to represent the nature of inter-stage 
connections: solid arrows denote sequential flow within the same functional layer; 
dashed arrows indicate generative-to-logical transfers across layers; dotted arrows 
represent revision and feedback loops triggered by consistency violations or stake-
holder corrections; and the backward loop arrow captures the possibility of returning 
to problem formulation when structural revisions are required. Intermediate outputs, 
such as the structured problem representation, the final list of decision domains, or 
the list of criteria per domain, mediate the transitions between agent stages and HITL 
validation gates, reflecting the sequential and validated nature of the workflow.

Logical agents execute formally specified decision-analytic procedures to ensure 
determinism and methodological correctness, while generative agents are selectively 
activated to facilitate semantic interpretation, explanation, and deliberate human 
interaction.

Given the conceptual scope of this work, Figure 2 is intended as an architectural 
schematic rather than a process-flow specification. Precise sequencing, exception 
handling, and runtime behavior are subject to implementation-level design decisions 
that fall outside the scope of the current framework.

From a GDN perspective, the mechanisms outlined in this section together con-
stitute a structured negotiation support environment. Problem formalization, com-
bined with bounded HITL validation, supports preference revelation under facilitated 

Fig. 2  Conceptual end-to-end orchestration of the proposed agentic collaborative MCDM framework. 
The diagram distinguishes three functional layers. The generative agent layer (dashed borders) is re-
sponsible for semantic interpretation, criteria elicitation, and stakeholder communication. The logical 
agent layer (solid borders) executes deterministic AHP-based weighting, normalization, aggregation, 
and ranking. The HITL governance layer (diamond nodes) is activated at predefined validation check-
points where human judgment constitutes an authoritative and versioned input
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and controlled conditions. At the same time, the stages devoted to domain and cri-
teria elicitation reflect the agenda-setting and issue-framing functions that typically 
precede substantive negotiation. The AHP-based weighting process introduces a 
disciplined approach to preference refinement, reducing the influence of position-
driven negotiation dynamics, whereas domain-level rankings enable the comparative 
analysis of trade-offs across competing stakeholder priorities. By integrating these 
GDN-consistent properties into a formally auditable multi-agent architecture, the 
framework provides a principled basis for AI-assisted negotiation support, ensuring 
that normative and preference-based assessments remain under stakeholder control 
while analytically well-defined computations are delegated to deterministic agents.

4  Discussion

This section illustrates the proposed framework through a representative scenario and 
examines its current limitations. Section 4.1 presents a conceptual walkthrough of a 
multi-stakeholder decision and negotiation case. Section 4.2 discusses the structural 
and methodological boundaries of the current design.

4.1  Illustrative Application: A Group Negotiation Scenario

This subsection presents a conceptual walkthrough rather than an empirical evalua-
tion, tracing how each agent, coordination mechanism, and HITL interaction would 
function within a representative multi-stakeholder scenario. No system has been 
implemented, no data has been collected, and no performance metrics are reported. 
This deliberate abstraction reflects the design science orientation of the paper, 
wherein the primary artifact is the reference architecture itself rather than a deployed 
system subject to performance benchmarking. Formal empirical validation, including 
prototype deployment, user studies, and comparative benchmarking against existing 
decision-support systems, is explicitly identified as a primary direction for future 
research, as discussed in Section 5.2. The aim of this section is solely to demonstrate 
how the Agentic AI MCDM framework structures interactions, coordinates heteroge-
neous reasoning tasks, and integrates human judgment throughout a complex multi-
stakeholder decision pipeline, providing a concrete operational illustration of the 
architectural principles introduced in Section 3.

The scenario considers a regional transportation authority tasked with selecting 
the most suitable location for a new multimodal mobility hub. The decision involves 
multiple stakeholder groups, including municipal planners, environmental agencies, 
local businesses, and citizen representatives, each contributing distinct priorities and 
evaluative perspectives. The problem requires balancing economic feasibility, envi-
ronmental impact, accessibility, and long-term development potential.

The process begins with problem interpretation and structuring. Stakeholders pro-
vide qualitative descriptions of objectives, constraints, and contextual considerations. 
A generative interpretation agent transforms these inputs into a structured representa-
tion encoding the decision objective (e.g., “select the optimal location for the mobil-
ity hub”), the set of alternatives (e.g., Sites A, B, C, and D), and an initial set of 
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decision domains (e.g., economic, environmental, social, and infrastructural dimen-
sions). The HITL validation stage then allows stakeholders to confirm or refine this 
structure before it is fixed in contextual memory, ensuring alignment and preventing 
downstream misinterpretation.

After problem structuring, the framework advances to domain elicitation and vali-
dation following the bounded interaction process described in Section 3.2. In this sce-
nario, generative agents propose decision domains grounded in the validated problem 
representation, including the introduction of "future scalability" as an infrastructural 
consideration based on long-term mobility forecasts. Once stakeholders confirm the 
domain set, the validated domains are treated as authoritative inputs for subsequent 
analytical stages.

Domain weighting is conducted following the agentic AHP-based workflow 
described in Section 3.2. Generative agents produce candidate pairwise comparisons 
with contextual justifications. For instance, environmental impact may be assessed as 
moderately more important than economic cost, reflecting the sustainability-oriented 
priorities of the planning context. These comparisons are then passed to a logical 
weighting agent, which deterministically computes priority vectors and evaluates the 
consistency ratio.

Once the logical agent confirms that the consistency ratio falls within the conven-
tionally accepted threshold of 0.10, stakeholders review the resulting priority vec-
tors and may selectively revise specific judgments. In this scenario, for instance, a 
municipal planner might challenge the relative weighting assigned to economic cost, 
prompting a targeted revision that preserves the remaining validated comparisons.

Criteria elicitation and weighting at subordinate hierarchical levels follow the 
same procedure. Within the environmental domain, for example, generative agents 
propose criteria such as CO2 emissions, biodiversity disruption, and land-use effi-
ciency, which stakeholders validate before logical agents compute their relative 
weights.

Once the hierarchical structure is finalized, the framework proceeds to alternative 
evaluation. Performance values for each alternative–criterion pair may be provided 
directly by stakeholders or inferred by specialized intelligence agents using available 
datasets, reports, or contextual knowledge (e.g., estimated construction costs, pro-
jected emission levels, accessibility indices, or expected travel-time reductions). At 
this stage, the framework prioritizes transparency over automation. Inferred values 
are explicitly identified and may be subject to human validation.

Following normalization and aggregation, performed deterministically by logical 
agents as specified in Section 3.2, the framework may produce weighted scores and 
global rankings. In addition to a final global ranking (e.g., Site C emerging as the 
preferred option), the framework supports domain-level rankings (e.g., Site B rank-
ing highest in environmental performance while underperforming economically). 
These disaggregated results enable stakeholders to identify trade-offs and explore 
compromise solutions during negotiation. Generative agents may subsequently pro-
duce explanatory summaries or justification reports; however, these explanations do 
not alter the analytical results.

In summary, it is important to note that this illustrative scenario is intentionally 
framed at a conceptual and operational level. While the framework specifies agent 
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roles, decision stages, validation logic, and termination conditions, it deliberately 
abstracts from concrete software architectures, interface design, deployment strate-
gies, and runtime optimization. Consequently, the scenario highlights the coordination 
of structured reasoning and human supervision, rather than technical implementation 
details. This abstraction reflects current methodological boundaries, including reli-
ance on validated human judgments, deterministic aggregation procedures, and the 
absence of explicit uncertainty propagation within the analytical core. These limita-
tions are discussed in the following subsection.

4.2  Structural and Methodological Limitations of the Current Framework

Despite its contributions, the proposed framework demonstrates several limitations 
that define its current boundaries. Structurally, the use of multiple specialized agents 
introduces coordination complexity. While agent modularity improves transpar-
ency and methodological control, it also increases orchestration overhead, including 
memory management and inter-agent communication. At the conceptual level, these 
challenges are acknowledged but not yet resolved through concrete optimization 
strategies.

Methodologically, the framework remains partially dependent on the quality and 
consistency of human input, particularly during pairwise comparisons and validation 
stages. Subjective biases and inconsistent judgments may still influence outcomes, 
even when bounded interaction protocols and escalation mechanisms are in place. 
In addition, while generative agents enhance interpretative capacity, their outputs 
may vary depending on the underlying language model, introducing residual vari-
ability that is not fully controlled within the current design. Additionally, while Sec-
tion 2 identified the ethical and procedural implications of delegating authority to 
autonomous agents as an underexplored area in the literature, the current framework 
does not yet incorporate explicit mechanisms for modeling accountability attribution 
beyond the HITL validation checkpoints already defined. Although human authority 
is preserved at predefined decision stages, the framework does not formally specify 
how responsibility is distributed between human and agent contributions in the final 
decision outcome. Addressing this dimension would require extending the gover-
nance layer to account for normative constraints on agent autonomy, an aspect that is 
deferred to future research.

Furthermore, uncertainty associated with inferred or estimated performance val-
ues is not yet explicitly propagated through the aggregation and ranking stages. The 
framework currently assumes deterministic inputs once validated, which limits its 
applicability in highly uncertain or data-sparse environments. Lastly, the framework 
is primarily designed for discrete MCDM problems and deterministic aggregation 
methods. Dynamic decision contexts, continuous optimization problems, or scenar-
ios with rapidly evolving criteria may necessitate methodological extensions beyond 
the current scope. Extending the framework to accommodate alternative multi-crite-
ria procedures would require verifying the compatibility of their specific procedural 
structures with the proposed agent roles and inter-stage coordination mechanisms. 
Similarly, while the current weighting process is grounded in pairwise comparison 
logic, incorporating AI-driven weight derivation techniques, such as those based 
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on machine learning feature importance or data-driven preference learning, could 
reduce dependence on subjective human judgments and enhance scalability in data-
rich environments. These extensions remain subject to future empirical validation.

Taken together, the limitations outlined above do not undermine the validity of 
the proposed framework. Rather, they delineate its current boundaries and reflect 
deliberate design choices aimed at establishing a rigorous conceptual–operational 
foundation for Agentic AI–enhanced MCDM, while deferring implementation-level 
optimization, uncertainty modeling, and large-scale deployment concerns for future 
work.

5  Conclusion and Future Directions

This section summarizes the contributions of the proposed framework and out-
lines directions for future research. Section 5.1 presents the conceptual and archi-
tectural contributions, and Section 5.2 identifies open research questions for further 
refinement.

5.1  Summary of Contributions

As reviewed in Section 2, the integration of LLMs into decision-support systems has 
progressed substantially, yet persistent limitations in traceability, consistency, and 
auditability continue to constrain their adoption in structured multi-criteria decision 
environments. These limitations motivated the hybrid approach adopted in this work, 
wherein LLMs are positioned as reasoning components embedded within a formally 
specified decision methodology rather than as autonomous decision-makers.

To this end, the paper introduced an Agentic AI MCDM collaborative framework 
based on a multi-agent architecture that operationalizes this principle through the 
three mechanisms established in Section 3.1: the confinement of formal computa-
tions to deterministic logical agents, the restriction of generative agents to interpreta-
tive tasks subject to structured HITL validation, and the versioned recording of all 
human inputs and agent outputs throughout the decision pipeline. The coordinated 
operation of these agents, governed by stage-specific human oversight, ensures that 
methodological validity, transparency, and alignment with stakeholder expectations 
are preserved across all stages of the MCDM workflow.

Overall, the proposed framework advances the field of AI-augmented decision 
analytics by demonstrating how LLM-based agents can augment rather than replace 
human judgment within a formally specified and human-governed decision pipeline. 
This hybrid paradigm, which confines analytical computation to deterministic agents 
and reserves evaluative authority for human stakeholders, establishes a foundation 
for scalable and trustworthy decision-support systems and opens new avenues for 
research at the intersection of decision science, AI, and human–AI collaboration. In 
doing so, the framework addresses key literature gaps identified in Section 2, namely 
the lack of dynamic inter-agent coordination, the absence of rigorous traceability and 
reproducibility mechanisms, and the limited integration of structured human over-
sight within LLM-based MCDM pipelines.
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5.2  Future Research

While the proposed Agentic AI MCDM framework provides a structured and human-
aligned approach to decision support, several research avenues remain open, particu-
larly regarding its application in real-world group decision-making contexts.

Future work should focus on extending the framework beyond theoretical valida-
tion toward operational deployments, where consensus building, uncertainty man-
agement, and stakeholder heterogeneity introduce additional complexity.

Although the current methodology enables multi-stakeholder input, validation, 
and structured aggregation, it does not yet explicitly model consensus-building pro-
cesses or negotiation dynamics. Future research should explore how specialized 
agents can identify conflicting preferences, highlight trade-offs between stakeholder 
priorities, and propose compromise solutions that guide stakeholders toward mutu-
ally acceptable outcomes. Extending the framework in this direction would address 
the methodological limitation of relying on subjective human judgments by provid-
ing structured agent-supported mechanisms for convergence while retaining human 
deliberative control over outcomes.

In parallel, an important research direction concerns the variability introduced 
by instantiating agents with different LLMs. Preliminary observations suggest that 
LLMs may differ substantially in their reasoning styles, levels of determinism, and 
susceptibility to inconsistent or hallucinated outputs. More expressive models often 
exhibit stronger contextual reasoning and richer justifications but may introduce 
greater variability across runs, whereas more constrained or instruction-tuned models 
tend to produce more stable and repeatable outputs at the cost of reduced semantic 
flexibility.

Another important research direction arises from the partial dependence on 
inferred or agent-generated data when populating the decision matrix. While agent-
assisted filling improves efficiency, Section 4.2 highlights the absence of explicit 
uncertainty modeling within the current aggregation and ranking stages. Future work 
should investigate how uncertainty and confidence levels associated with agent-
generated or estimated performance values can be formally represented, propagated 
through the MCDM workflow, and reflected in the final recommendations. Incor-
porating uncertainty-aware aggregation or confidence-sensitive ranking mechanisms 
would strengthen the framework’s robustness, particularly in data-sparse or highly 
uncertain decision environments.

Further research is also required to address structural scalability and adaptability. 
As noted in the limitations analysis, orchestrating multiple specialized agents intro-
duces coordination overhead that may affect performance as the number of criteria, 
alternatives, or stakeholders increases. Empirical validation across diverse applica-
tion domains, such as public policy planning, infrastructure investment, or sustain-
ability assessment, would enable systematic evaluation of scalability, computational 
efficiency, and user interaction complexity.

In summary, these future research directions aim to advance the proposed frame-
work beyond its current theoretical and methodological boundaries toward empirical 
validation, strengthening its contribution to the broader fields of group decision-mak-
ing, human–AI collaboration, and intelligent decision analytics.
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