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1  Introduction

Decision-making, a common activity that spans both pro-
fessional and personal domains, is deeply influenced by 
emotions (Sayegh et al. 2004; Gaudine and Thorne 2001). 
This emotional connection can significantly affect the qual-
ity of the decisions made, sometimes leading to suboptimal 
outcomes. This can occur due to factors such as the indi-
vidual’s mood or the mood of others involved in the pro-
cess (Simon 1987). For example, emotions such as anxiety, 
enthusiasm, or even anger can cloud judgement, leading to 
impulsive, biased decisions or choices that result in regret 
and discomfort later (Paulus and Angela 2012). This issue 
is especially relevant in group decision-making (GDM) 
contexts, where emotional dynamics can be amplified by 
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Abstract
The process of group decision-making is an integral component not only for quotidian interactions but also for strategic 
deliberations. However, it is profoundly shaped by the inherent semantic indeterminacy of natural language. This lin-
guistic ambiguity starkly contrasts the syntactic and semantic precision characteristic of machine-generated language. 
Furthermore, the conveyance of affective states–such as aggressiveness or elation–via natural language introduces a layer 
of complexity that can significantly perturb the equilibrium of the group decision-making process. In response to these 
challenges, we propose an advanced consensus-reaching methodology based on sentiment analysis to quantify and miti-
gate aggressiveness in discourse. This study conducts a comparative evaluation of three state-of-the-art large language 
models: Gemini, Copilot, and ChatGPT for their efficacy in detecting and assessing hostility. By calibrating the influ-
ence of individual participants based on their degree of linguistic aggression, the proposed framework attenuates the 
disproportionate impact of dominant voices, thus fostering a more balanced and equitable deliberative environment. This 
methodological innovation not only incentivizes the adoption of a more dispassionate and constructive linguistic register 
but also safeguards the integrity of collective decision-making processes against the distortive effects of undue emotional 
influence. Across five repeated evaluations per comment, ChatGPT and Gemini exhibited < 5% variance, while Copilot 
showed ≈ 8 − 12%; in all cases, hostility-aware weighting reduced the most aggressive expert’s influence by ≈ 27 − 29%, 
yielding robust group rankings. These mechanisms improve consensus quality by reducing bias from aggressive discourse, 
and they are expected to foster higher group satisfaction through perceived fairness in deliberation. Potential improve-
ments include benchmarking against gold standards, extending to multilingual and multimodal contexts, and enhancing 
transparency for end-users.
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interactions between participants (Morente-Molinera et al. 
2019; Ruz et al. 2020; Trillo et al. 2024).

Fuzzy logic-based approaches have been widely used to 
address the inherent uncertainty and subjectivity present in 
GDM. In particular, soft consensus models aim to balance 
flexibility and rigor in decision-making by allowing varying 
degrees of agreement rather than enforcing strict unanim-
ity. This approach acknowledges that absolute consensus is 
often unrealistic and instead focuses on reaching a level of 
agreement that is acceptable to all participants (Cabrerizo 
et al. 2010). By leveraging fuzzy sets, these models provide 
a more nuanced and interpretable framework for measuring 
consensus, ensuring that diverse perspectives are integrated 
while mitigating conflicts that may arise during discussions.

In GDM processes, a group of individuals, usually experts 
in the problem being analyzed, participates in a collaborative 
debate. During this debate, each participant expresses his/
her opinions and proposes different alternatives or courses 
of action, bolstered by strong arguments based on data or 
relevant experiences (Yager 1981). The goal is not only to 
find the best solution to the problem but also to integrate and 
fully leverage the ideas, perspectives, and knowledge of all 
group members (Herrera-Viedma et al. 2002).

One of the main objectives of GDM is to reach a con-
sensual solution. This consensus not only ensures that the 
final decision reflects a balance of different opinions but 
also promotes greater acceptance and commitment from the 
participants to implement the agreed-upon decisions. The 
underlying premise is that individuals are more likely to feel 
committed to decisions that have been consensually agreed 
upon, as these reflect a more democratic and participatory 
process (Herrera-Viedma et al. 2014). Additionally, consen-
sus has the potential to reduce conflicts within the group, 
strengthening cohesion and increasing the effectiveness of 
future collaborations.

However, achieving consensus in a group setting is not 
without its challenges. Emotions can play both a construc-
tive and destructive role in this process. On the one hand, 
positive emotions such as empathy and cooperation can 
facilitate the search for common ground, while negative 
emotions such as frustration or wounded pride can hinder 
negotiation and open dialogue. These complex emotional 
dynamics underscore the importance of effectively manag-
ing emotions during group decision-making processes.

In group decision-making (GDM) processes, experts use 
natural language, which is inherently ambiguous compared 
to machine language, making mutual understanding difficult 
(Pilehvar and Camacho-Collados 2021). Moreover, when 
experts express their opinions, they not only communicate 
objective ideas but also emotions, such as aggression, which 
can influence how others perceive and react to their argu-
ments (Wankhade et al. 2022). This emotional component 

can introduce biases into the decision-making process, 
favoring the opinions of those who present their comments 
more aggressively rather than relying solely on the valid-
ity of the perspectives offered (Pérez et al. 2013; Cabrerizo 
et al. 2014).

This phenomenon highlights how emotions and commu-
nication style can negatively affect the deliberation process 
and the quality of group decisions (Svenson et  al. 2024). 
Emotions such as aggression can shift attention away from 
rational arguments toward more subjective aspects, which 
can lead to suboptimal decisions. To mitigate these biases, 
the use of technological tools such as sentiment analysis and 
proper moderation of interactions can be useful, allowing 
for a more equitable decision-making process focused on the 
content of the ideas rather than the emotions involved. Lin-
guistic aggression, in particular, exerts a profound influence 
on group decision-making dynamics. When participants 
express their views in a hostile or confrontational manner, 
they may dominate the discourse and intimidate others, 
thereby reducing the willingness of less assertive mem-
bers to contribute. This imbalance not only diminishes the 
diversity of perspectives considered but also fosters conflict 
escalation and undermines cooperative negotiation. Conse-
quently, outcomes can be biased toward the preferences of 
aggressive individuals rather than reflecting the collective 
rationality of the group. Addressing this phenomenon is 
central to our proposal, which introduces a hostility-aware 
weighting mechanism to mitigate the undue influence of 
aggressive discourse and to ensure that decisions are based 
on the substantive validity of arguments rather than on com-
municative dominance.

To avoid undue influence from one expert over others, we 
propose a new linguistic extension of a consensus model for 
group decision-making, incorporating sentiment analysis to 
detect the degree of hostility of each expert. This approach 
addresses the psychology of negotiation and uses the power 
of a fuzzy ontology as a tool for influence, enhancing the 
precision and realism of group decision-making scenarios. 
We employ generative artificial intelligence (GAI), spe-
cifically an advanced large language model (LLM), which 
receives the expert’s comment as input and returns an evalu-
ation of the degree of hostility. This comment is processed 
using a regular expression to extract the level of aggression.

In such a way, we will conduct tests using three differ-
ent artificial intelligence platforms. Copilot, ChatGPT, and 
Gemini. Each "comment" will be sent five times through 
these AIs to obtain, according to each model, the level of 
aggressiveness. This repeated evaluation will allow us to 
obtain a more accurate and reliable assessment of the hostil-
ity level in the comments, minimizing any bias that might 
arise from individual interpretations. In addition, it will help 
adjust the weight of each expert in the decision-making 
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process, so that those who present more aggressive com-
ments will see their influence reduced in the group. By 
performing this repeated analysis, we can establish a more 
robust and equitable decision-making system in which 
emotions do not disproportionately interfere with the final 
outcome.

Despite significant advances in sentiment analysis and 
consensus-reaching models, prior studies have primarily 
relied on supervised classifiers, dictionary-based methods, 
or manual moderation, all of which face scalability and 
adaptability limitations. In addition, existing approaches 
seldom incorporate the outputs of advanced Large Language 
Models (LLMs) into the mathematical core of decision-
making frameworks. Motivated by these gaps, the objective 
of this study is to design and validate a novel methodology 
that integrates hostility detection into group decision-mak-
ing processes, thereby ensuring more equitable participation 
and minimizing the disproportionate influence of aggressive 
communicative styles.

Guided by this objective, the study addresses the follow-
ing research questions: (i) To what extent can state-of-the-art 
LLMs–specifically ChatGPT, Copilot, and Gemini–reliably 
detect and quantify hostility in deliberative exchanges? (ii) 
How can hostility scores be systematically incorporated into 
consensus-reaching models through a weighting mechanism 
that moderates the influence of aggressive participants? and 
(iii) What are the comparative strengths and limitations of 
these LLMs in shaping the outcomes of group decision-
making? These questions frame the analytical trajectory of 
the paper and ground its contributions within both theoreti-
cal and applied perspectives.

The novelty of this study lies in the systematic integra-
tion of advanced LLMs–namely ChatGPT, Copilot, and 
Gemini–into group decision-making frameworks. Unlike 
previous approaches, which relied on supervised classifiers, 
sentiment dictionaries, or manual moderation, our meth-
odology embeds hostility detection directly into consensus 
models by means of a weighting mechanism that penalizes 
aggressive contributions. Furthermore, by comparing mul-
tiple state-of-the-art LLMs and employing repeated evalu-
ations to mitigate stochastic variability, this work provides 
the first rigorous analysis of LLM-based hostility detection 
in deliberative contexts.

While the framework draws inspiration from established 
models of fuzzy consensus and behavioral weighting, the 
originality of this work lies in extending such models by 
embedding hostility detection derived from advanced 
LLMs. This integration creates a novel methodological 
bridge between natural language processing and consensus-
reaching theory.

The rest of the paper is organized as follows. Section 2 
delves into the foundational principles that underpin the 

GDM system. Subsequently, Section 3 articulates the pro-
posed framework in detail. In Section  4, a concrete case 
study is presented to elucidate its practical implementa-
tion. Section 5 offers a critical examination of the system’s 
advantages and limitations, contextualizing its performance 
through a comparative analysis with existing methodolo-
gies in the literature. Section  6 encapsulates the principal 
contributions of this work, providing a synthesis of the pro-
posed approach. Finally, the conclusions of this study are 
presented in Section 7.

2  Preliminaries

In this section, the fundamental concepts linked to the pro-
posed method will be presented. Section 2.1 will address the 
concepts associated with group decision-making (GDM), 
while Section 2.2 will explore the aspects related to Gen-
erative Artificial Intelligence (GAI), with a special focus on 
the essential concepts related to Large Language Models 
(LLMs).

2.1  Group Decision-Making Methods

In this section, we delve into the fundamental concepts of 
GDM within a specified framework. We consider a finite 
set of individuals, denoted as Ξ = ξ1, . . . , ξM , tasked 
with selecting from a finite set of alternatives, denoted as 
Γ = γ1, . . . , γN  (Nurmi and Kacprzyk 1991; Kacprzyk 
et  al. 2019; Trillo et  al. 2023). Each individual, drawing 
upon their knowledge, evaluates pairs of alternatives and 
designates their preference for one over the other. This eval-
uation involves the provision of input, which may manifest 
as linguistic labels (Herrera-Viedma et al. 2014; Kabak and 
Ervural 2017) or numerical arrays (Taghavi et  al. 2020). 
The input, assumed to be reciprocal preference relations 
(Pramanik and Mukhopadhyaya 2011), is expressed as Ps, 
where s ranges from 1 to M. In this context, each individual 
es ∈ E compares pairs of alternatives γi and γj , with the 
outcome denoted as ps

ij ∈ [0, 1].
Having established the foundational concepts, we can 

now delineate the various components integral to a GDM 
method:

	● Debate and Opinion Formation: In the initial phase, 
individuals engage in discussions encompassing the ar-
ray of available alternatives. Within this discourse, they 
articulate their thoughts and preferences, elucidating the 
rationale behind their choices. After this deliberation, 
the individuals consolidate their insights into reciprocal 
preference relations.
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Foundations, Training and Adaptation, and Capabilities 
(Devlin et al. 2018):

Architectural Foundations. From an architectural per-
spective, LLMs rely on several mechanisms that allow them 
to capture long-term dependencies and contextual relation-
ships in text:

	● Transformer architecture: The Transformer architec-
ture employs attention mechanisms to process informa-
tion in parallel and capture long-term dependencies in 
text. It comprises attention layers and feed-forward lay-
ers (Vaswani et al. 2017).

	● Multi-headed attention: This mechanism enables the 
model to focus on different parts of the input simultane-
ously, improving its ability to process context (Buehler 
2023).

	● Transformer layers: Each Transformer layer consists 
of attention and feed-forward sublayers. These compo-
nents capture contextual relationships and model com-
plex, non-linear dependencies (Miao et al. 2023). In our 
case, we rely on the pre-trained embeddings natively 
used by Gemini, Copilot, and ChatGPT, which ensure 
semantic consistency across comments without requir-
ing additional training.Training and Adaptation. In 
terms of training, LLMs typically follow a two-stage 
process and employ different techniques:

	● Pre-training and fine-tuning: LLMs are trained in two 
stages. During pre- training, the model learns language 
structures and representations using large-scale un-
labeled data. Fine-tuning adapts the model to specific 
tasks using labeled datasets, such as text summarization 
or question answering (Ozdemir 2023). It is important 
to emphasize that no fine-tuning was applied to any of 
the evaluated LLMs. All models were used in their na-
tive pre-trained form, accessed through their official 
APIs. This design choice ensures that the methodology 
is reproducible under real-world conditions, where us-
ers typically interact with LLMs as off-the-shelf systems 
without direct access to model parameters.

	● Employing word embeddings: In the pre-training 
stage, dense vector representations are created for each 
word, capturing semantic and syntactic relationships. 
Fine-tuning adjusts these embeddings to optimize per-
formance for specific tasks (Levy and Goldberg 2014).

	● Autoregressive modeling: Models like the GPT series 
generate text sequentially, predicting each word based 
on preceding context. This sequential approach ensures 
the coherence of generated text (Alberts et al. 2023).Ca-
pabilities. Finally, regarding their functional abilities, 
LLMs demonstrate remarkable strengths:

	● Consensus Analysis: In this phase, the reciprocal pref-
erence relations provided by individuals become the 
basis for assessing disparities in viewpoints. The con-
sensus threshold, a critical benchmark for consensus, is 
set, and its attainment determines whether a consensus 
in the group’s opinions is established (Qin et al. 2022; 
Taghavi et al. 2020). Exceeding this threshold leads to 
the aggregation of reciprocal preference relations. Oth-
erwise, if the threshold is not reached, a feedback pro-
cess is initiated, prompting individuals to engage again 
in discussions to achieve mutual agreement (Trillo et al. 
2023; Morente-Molinera et al. 2022).

	● Aggregation of Individual Information: Utilizing in-
sights contributed by individuals, information is aggre-
gated to formulate a unified collective reciprocal prefer-
ence relation denoted as P. This aggregation employs 
operators, with our method utilizing the Weighted Aver-
age (WA) operator.

	● Ranking of Alternatives: The final step involves le-
veraging the collective reciprocal preference relation to 
determine the preferred alternative(s) among individu-
als. This necessitates the application of an operator on 
the collective reciprocal preference relation (Yager and 
Kacprzyk 2012). In our method, we employ the Quan-
tifier-Guided Degree of Dominance (QGDD) operator 
(Trillo et al. 2022; Yager 1996).

The outlined process establishes a structured methodology 
for effectively navigating group decision-making scenarios. 
These components collectively ensure that the preferences 
of the group are considered and harmonized, facilitating the 
identification of the optimal alternatives. Furthermore, they 
provide a mechanism for handling disagreements and fos-
tering consensus, which is crucial in collaborative decision-
making environments.

2.2  Generative Artificial Intelligence and Large 
Language Models

Generative Artificial Intelligence (GAI) refers to systems 
that can generate new and original content, such as text, 
images, music, etc. Goodfellow et  al. (2014). One of the 
most popular approaches is the use of generative neural net-
works, such as Generative Adversarial Networks (GANs) 
(Brown et al. 2020) and Autoregressive Generative Models 
(Magalhães et al. 2023).

Large Language Models (LLMs) are advanced natu-
ral language processing systems that use deep learning 
techniques to understand and generate text in a contextu-
ally relevant way. To improve clarity, the main features 
of LLMs are grouped into three categories: Architectural 
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stands out for its multimodal processing and integrative rea-
soning. Their differences allow for a rigorous evaluation of 
how various LLM-driven approaches impact group discus-
sions, particularly in assessing the influence of communi-
cation styles, including aggressive language, on decision 
dynamics. Such insights could significantly enhance the 
understanding and implementation of GDM methodologies 
across multiple domains.

In current literature, there has been a notable surge in 
the development and application of algorithms associated 
with Large Language Models (LLMs) and Artificial Intel-
ligence (AI). These technologies are being increasingly 
utilized to tackle complex challenges and drive innovation 
across diverse fields. For instance, in Mohammed and Ven-
kataraman (2023), an advanced AI mechanism is proposed 
for monitoring Parkinson’s disease. This system analyzes 
patient data using LLM-driven algorithms, identifying 
nuanced patterns that traditional methods might overlook. 
By providing precise insights into disease progression, this 
approach enhances diagnostic accuracy and supports more 
personalized healthcare solutions.

Similarly, Pearce et al. (2023) presents an algorithm that 
leverages LLMs to assist in software development by detect-
ing and correcting coding errors. This capability improves 
real-time debugging efficiency, reducing development time 
and enabling the creation of more robust software. Further-
more, Strader et al. (2020) demonstrates the use of genera-
tive AI in market analysis, where models are employed to 
generate insights, predict consumer behaviour, and guide 
strategic business decisions. These examples highlight the 
versatility of LLMs and generative AI, showcasing their 
ability to address domain-specific challenges and deliver 
transformative results across healthcare, software engineer-
ing, and business intelligence.

Recent years (2023–2025) have witnessed an acceleration 
in research on sentiment-aware recommendation systems, 
introducing novel architectures and application domains. 
For instance, in Meena et al. (2024) proposed a BiLSTM-
based sentiment classifier combined with an LSTM-based 
POI recommendation engine applied to Foursquare data, 
reporting excellent classification results but more modest 
recall in POI ranking. Similarly, in Gajula (2025) presented 
a comprehensive survey of sentiment-aware recommender 
systems, covering transformer-based methods, graph neural 
networks, and conversational recommenders, outlining key 
methodological trends. In Darraz et  al. (2025) integrated 
BERT-based sentiment analysis with recommendation strat-
egies in the hospitality sector, showing improvements in 
personalized services for Yelp datasets (see Table 1).

In summary, while these works primarily focus on enhanc-
ing recommendation quality in consumer-oriented domains, 
our study departs from this trajectory by embedding 

	● Generation and comprehension capabilities: LLMs 
can generate text relevant to a given task while under-
standing input context, enabling applications such as 
translation, summarization, and question answering 
(Nicula et al. 2023).

	● Contextual capacities: LLMs excel at capturing con-
text over extended sequences, making them capable of 
generating more coherent and contextually appropriate 
responses (Huang et al. 2023).

To reinforce the theoretical grounding and demonstrate align-
ment with current academic progress, we have expanded the 
literature review by integrating recent high-impact contribu-
tions. Zhang et al. (2023) conduct a comprehensive evalu-
ation of large language models (LLMs) across 26 datasets 
for diverse sentiment-analysis tasks, revealing strong per-
formance in simpler settings and few-shot learning, albeit 
limitations in more complex scenarios. In the realm of tox-
icity and hate-speech detection, Zhuo et al. (2025) review 
LLM-based mitigation strategies within software-engineer-
ing contexts and empirically show that rewriting techniques 
can effectively reduce toxic language, while (Kumarage 
et al. 2024) assess the strengths and challenges of LLMs in 
hate-speech classification, highlighting both their promise 
and current limitations. Additionally, Pangtey et al. (2025) 
contribute a systematic survey of stance detection methods 
powered by LLMs, offering a valuable taxonomy and iden-
tifying emerging evaluation challenges. Finally, Krugmann 
and Hartmann (2024) benchmark GPT−3.5, GPT-4, and 
Llama 2 for sentiment analysis accuracy, interpretability, 
and reproducibility, discussing critical considerations such 
as dataset characteristics, model biases, and computational 
cost. Complementing these advances, recent studies have 
also explored deep learning approaches beyond purely text-
based analysis. For instance, the FSTL-SA model (Meena 
et al. 2024) introduces a few-shot transfer learning strategy 
for sentiment analysis from facial expressions, showing how 
multimodal deep architectures can capture affective signals 
with limited training data. Such contributions highlight 
the broader applicability of deep learning to sentiment and 
hostility detection, and reinforce the importance of investi-
gating LLMs as part of a wider ecosystem of advanced AI 
methodologies.

By integrating ChatGPT, Copilot, and Gemini into GDM 
processes, the potential for automating and moderating 
group interactions becomes evident. These three LLMs 
have been selected due to their distinct architectures, capa-
bilities, and widespread adoption, making them ideal candi-
dates for comparative analysis in decision-making contexts 
(Brown 2020). ChatGPT is renowned for its conversational 
depth and contextual adaptability, Copilot is optimized for 
task-oriented assistance and code generation, and Gemini 
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decision-making processes. The proposed method consists 
of seven systematic steps, as illustrated in Fig. 1. The ratio-
nale for structuring the methodology into seven steps lies in 
the need to ensure both granularity and transparency in each 
phase of the decision-making process. By isolating hostil-
ity detection, weighting, and consensus analysis, the frame-
work allows each component to be rigorously validated. 
The choice of Gemini, ChatGPT, and Copilot responds to 
their architectural diversity and complementary capabilities: 
while Gemini emphasizes multimodality, ChatGPT is rec-
ognized for conversational coherence, and Copilot for task-
specific guidance. This variety strengthens the robustness of 
the comparative analysis and enhances the generalizability 
of our findings across different LLM families. It is impor-
tant to note that our comparative analysis does not involve 
direct access to or examination of the internal parameters of 

sentiment (specifically hostility detection) directly into 
group decision-making frameworks. This methodologi-
cal distinction situates our contribution within the broader 
landscape of sentiment-aware systems, but emphasizes fair-
ness and equity in collective decisions rather than individ-
ual consumer satisfaction. Thus, our framework represents 
the first integration of hostility-aware weighting into fuzzy 
consensus models, complementing prior advances while 
addressing a distinct class of decision-making challenges.

3  Evaluating Hostility Detection in GDM

This section introduces a novel group decision-making 
(GDM) approach that incorporates generative artificial intel-
ligence (GAI) to detect hostility in comments and optimize 

Fig. 1  Diagram of the proposed method. The notation “CNS > α" indicates the condition that the computed consensus level (CNS) must exceed 
the predefined threshold (α) for the decision-making process to proceed

 

Study 
(Year)

Approach / Techniques Dataset Metrics / Highlights Comparison with Our 
Work

Meena 
et al. 
(2024)

BiLSTM for senti-
ment + LSTM for POI 
recommendation

Foursquare 
(POI data)

Classification accu-
racy, precision, recall, 
F 1 ≈ 99.5%; POI 
recall 48.5%, preci-
sion 85%

Focuses on consumer POI 
recommendation; our work 
targets fairness in group 
decision-making via hostility 
detection

Gajula 
(2025)

Survey of sentiment-
aware recommend-
ers: transformers, 
GNNs, conversational 
recommenders

– Synthesis of meth-
odological trends 
(2023–25)

Provides broad taxonomy; 
our work extends this 
landscape by applying LLM-
based hostility detection to 
decision-making

Darraz 
et al. 
(2025)

BERT-based senti-
ment integration for 
recommendations

Yelp 
(restaurants, 
hotels)

Improved personal-
ization in hospitality 
recommendation

Domain-specific (hospital-
ity); our work diverges by 
embedding hostility detection 
into fuzzy consensus models

Our 
Work 
(2025)

LLM-based hostility 
detection + fuzzy consen-
sus model

Group 
decision-
making 
dialogues

Robustness to aggres-
sion-induced bias; 
equitable weighting

First to integrate hostility-
aware weighting into consen-
sus-reaching mechanisms

Table 1  Comparison with recent 
sentiment-aware recommender 
systems (2023–2025)
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represent the hostility level of each comment on a nu-
merical scale. This step converts qualitative assessments 
into quantitative data that can be incorporated into the 
weighting calculations for the experts.

	● Computation of the Weights of the Experts: With the 
numerical hostility values obtained, the next step in-
volves calculating the weight assigned to each expert. 
The weights are inversely proportional to the hostility 
levels detected in their comments, reflecting their con-
structive contributions to the group discussion. Experts 
with lower hostility levels are given higher weights, as 
their inputs are deemed more conducive to fostering con-
sensus and rational decision-making. This step ensures 
that the decision-making process prioritizes contribu-
tions that enhance collaboration and reduce conflict.

	● Consensus Analysis: After assigning weights, the sys-
tem evaluates the degree of agreement among the ex-
perts’ preferences to determine whether a consensus has 
been reached. A predefined consensus threshold is es-
tablished, which must be surpassed for the group to pro-
ceed to the next stage. If the consensus level falls short 
of the threshold, a feedback loop is triggered, prompting 
the experts to revisit their preferences and engage in fur-
ther discussions aimed at aligning their viewpoints.

	● Aggregation of Individual Preferences: Once the con-
sensus threshold is met, the individual preferences are 
aggregated to form a collective preference relation. This 
aggregation is conducted using the Weighted Aggre-
gation (WA) operator, which incorporates the experts’ 
weights and their individual preference relations. The re-
sulting collective preference matrix reflects the group’s 
overall evaluation of the alternatives, integrating the 
weighted influence of each expert’s contributions.

	● Getting the Ranking of Alternatives: In the final step, 
the alternatives are ranked based on the collective pref-
erence matrix. The Quantifier-Guided Degree of Domi-
nance (QGDD) operator is applied to assign a score to 
each alternative, reflecting its relative dominance within 
the group. These scores are then sorted in descending or-
der to produce a prioritized ranking of alternatives. This 
ranking provides a clear representation of the group’s 
preferences, facilitating informed decision-making.

The proposed methodology leverages the capabilities 
of generative artificial intelligence (GAI) to ensure that 
the decision-making process is not only efficient but also 
constructive and collaborative. By incorporating hostility 
detection, this method addresses a key challenge in group 
decision-making–managing conflicts and fostering produc-
tive discussions. Additionally, this approach compares the 
effectiveness of three advanced GAI tools–Gemini, Chat-
GPT, and Copilot–to determine which system provides the 

Gemini, ChatGPT, or Copilot, as these remain proprietary. 
Instead, the comparison relies exclusively on their observ-
able outputs, obtained under identical experimental settings 
through official APIs. By standardizing the prompts, repeti-
tion protocol, and preprocessing steps, we ensure that the 
evaluation focuses on the consistency, reliability, and accu-
racy of the hostility scores generated by each model, rather 
than on inaccessible architectural or training parameters. 
Below, we elaborate on each step in detail:

	● Engaging in Debate and Expressing Opinions and 
Preferences: In the initial phase, participating experts 
engage in a structured debate, allowing them to artic-
ulate and exchange their ideas regarding the available 
alternatives. Following the discussion, each expert 
quantitatively expresses their preferences through a re-
ciprocal preference relation, represented as a numerical 
set within the interval [0, 1]. This enables a structured 
evaluation of pairwise comparisons among the alterna-
tives, serving as the foundation for subsequent analysis. 
Hostility values, initially expressed as percentages by 
the LLMs, are normalized to the range [0, 1] in order to 
standardize subsequent computations.

	● Obtaining the Degree of Hostility in Comments: In 
this step, the comments made by each expert during the 
debate are collected and sent to the three LLMs consid-
ered in this study—Gemini 1.5 Flash, ChatGPT 4.0, and 
Copilot— application via its API. They use advanced 
generative AI to analyze the text and return a detailed 
assessment of the aggressiveness level in each com-
ment. This automated analysis ensures unbiased and 
consistent evaluation of hostility levels across all par-
ticipants, which is critical for maintaining a constructive 
decision-making environment.

	● Extracting Numerical Values with Regular Expres-
sions: Once the three LLMs considered in this study 
have returned the textual descriptions of the aggressive-
ness levels, these outputs are parsed to extract numerical 
values using regular expressions. The extracted values 

Table 2  Experts and Their Corresponding Comments
Expert Comment

ξ1
I’ll start by saying that coal is unacceptable
It has no place in any serious discussion about modern
heating systems

ξ3
Here we go again...
Sure, coal is bad, but do you have any realistic
idea for replacing it without bankrupting people?

ξ2
Yes, I have an idea: solar and aerothermal
But I suppose you’re going to say it’s
“too expensive” as always

1 3
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Here, X represents the percentage of aggressiveness 
detected in the comment. Each tool processes the input text 
and outputs a value for X, which is subsequently recorded 
for analysis.

By comparing the results from Gemini, ChatGPT, and 
Copilot, this methodology aims to identify the most accurate 
system for quantifying hostility. The comparison ensures 
that the decision-making framework integrates the most 
effective hostility detection tool, enhancing the accuracy 
and reliability of the analysis. This structured and compara-
tive approach not only simplifies the integration of GAI into 
the decision-making process but also ensures replicability 
and transparency, key factors for fostering confidence in the 
system’s outcomes. Each comment was submitted five times 
to each model in order to reduce the stochastic variability 
inherent in LLM outputs. This repeated sampling strategy 
ensures that the hostility score attributed to each comment 
reflects a stable central tendency rather than a single model 
instance. By averaging across repetitions, the influence of 
outlier responses or occasional inconsistencies is mini-
mized, thereby improving the reliability of the analysis.

Once the prompt has been set, the comments are submit-
ted for analysis. However, prior to sending the comments to 
the API, a preprocessing step is performed to address poten-
tial formatting issues that might interfere with the extraction 
of aggressiveness values. Specifically, any comment con-
taining the % symbol undergoes a transformation where the 
symbol is replaced with the phrase "per cent". This ensures 
the reliability of the extraction process, as the % symbol 
could otherwise lead to parsing errors or inaccuracies in 
the returned response. For example, the sentence "90 % of 
people think the same as me" is transformed into "90 per 
cent of people think the same as me". It should be noted that 
the reliance on a single prompt formulation may constrain 
the reproducibility of the experiments. Slight variations in 
wording can influence the responses generated by LLMs, 
potentially introducing variability. In this study, the prompt 
was intentionally kept fixed across Gemini 1.5 Flash, Chat-
GPT 4.0, and Copilot in order to ensure comparability, 
but it should not be regarded as a definitive or optimized 
formulation.

Once this transformation is complete, the comments are 
sent to the API, which connects to the server and processes 
the input text according to the predefined prompt structure. 
The API subsequently returns the output in the desired for-
mat, facilitating the next stages of analysis.

It is important to note that hostility detection in this 
framework relies on the internal embedding mechanisms 
of the selected LLMs. Each comment is first transformed 
into dense vector representations by the models’ embedding 
layers, which capture semantic and syntactic properties 
of the text. These embeddings serve as the foundation for 

most accurate and consistent measurement of aggression in 
comments. This innovative comparative analysis showcases 
the potential of GAI to enhance traditional decision-making 
frameworks, paving the way for more inclusive and effec-
tive collaborative processes.

3.1  Engaging in Debate and Expressing Opinions 
and Preferences

During the debate phase, participants, represented as 
ξs ∈ Ξ where Ξ = ξ1, . . . , ξM , express their opinions 
and discuss various alternatives, denoted as γi ∈ Γ, with 
Γ = γ1, . . . , γN . Each participant contributes comments to 
comprehensively evaluate and explore the available options.

At the conclusion of the discussion, participants articulate 
their preferences through reciprocal preference relations, 
denoted as Ps for each participant ξs ∈ Ξ, as described in 
Section  2.1. Participants are not required to evaluate all 
pairwise comparisons; instead, they may selectively assess 
pairs of alternatives that align with their priorities.

These reciprocal preference relations are organized as 
N × N  matrices with an empty main diagonal. Each matrix 
numerically represents the participant’s pairwise preferences 
among the alternatives. Participants retain the flexibility to 
use individualized scales for expressing preferences, allow-
ing for tailored evaluations while maintaining the coherence 
of the collective decision-making process. In line with the 
methodological outline presented in Section 3, the hostility 
values associated with each comment are normalized to the 
interval [0, 1]. This normalization step ensures consistency 
across different outputs and facilitates their integration in 
the subsequent weighting and consensus analysis.

3.2  Obtaining the Degree of Hostility of Comments

The second step involves recording all comments made by 
participants in chronological order to preserve the sequence 
of interventions. This record forms the basis for analysing 
the level of hostility in the comments. To achieve this, the 
hostility detection capabilities of Gemini, ChatGPT, and 
Copilot are tested and compared to determine which tool 
provides the most reliable and accurate results.

The process begins by establishing a connection to the 
respective APIs of Gemini, ChatGPT, and Copilot. These 
tools were selected due to their advanced LLM-based 
architectures and accessibility. Once connected, structured 
prompts are provided to ensure consistent outputs across 
all systems, thereby facilitating the extraction of numerical 
values for hostility. The prompt format is standardized as 
follows:

The sentence - The percentage of aggressiveness of this 
comment is X.

1 3
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quantified precisely. By leveraging this approach, we can 
handle unexpected variations in the API’s output (such as 
hallucinations or formatting inconsistencies) and maintain 
the robustness of the analytical process. Since no model 
fine-tuning was involved, the outputs correspond to raw 
inferences from the respective APIs, ensuring that the com-
parative analysis reflects the baseline performance of each 
system

3.4  Computation of the Weight of the Experts

Once the value of each comment has been extracted, the 
weight of each expert is calculated based on the aggressive-
ness level of their comments. The procedure for determin-
ing the weight of experts is divided into two distinct parts. 
The first part involves computing the raw weight, which 
is individually assigned to each participant, denoted as 
Ws ∈ R. The weighting scheme is designed to inversely 
correlate hostility levels with expert influence. This prin-
ciple is grounded in consensus theory, where aggressive 
interventions may distort deliberative balance. By penaliz-
ing higher hostility scores, the method privileges construc-
tive participation, aligning the process with democratic 
decision-making norms. The calculation for this weight is 
outlined as follows:

Ws =

Ts∑
t=1

1 − Xt
s

100
Ts

; s = 1, . . . , M
� (2)

In this equation, Ws represents the raw weight of the expert 
s. The value Xt

s corresponds to the arithmetic mean, after 
repeating the experiment five times, of the level of aggres-
siveness of the t-th comment made by expert s. The weight 
is computed by summing the inverse of the aggressiveness 
for each comment, which helps to ensure that experts who 
make more hostile or aggressive comments are given lower 
weight, reflecting their less constructive contributions to the 
group discussion. This computation accounts for the overall 
impact of each expert’s level of hostility on the decision-
making process, ensuring that the final collective prefer-
ences are influenced more by those who contribute in a 
more neutral or cooperative manner.

Once the raw weights are calculated for each expert, the 
next steps involve refining the weights further to enhance 
the fairness and precision of the decision-making process.

After determining the gross weight of each individual, 
we proceed to the calculation of their relative weight, 
denoted as wι ∈ [0, 1]. This relative weight represents the 
weighting of an individual relative to all other participants, 
thus ensuring that the contribution of each participant is 

subsequent model operations, enabling the detection of hos-
tile or aggressive expressions. While we did not explicitly 
extract or fine-tune embedding vectors, the hostility scores 
returned by Gemini, ChatGPT, and Copilot are computed 
on the basis of these representations. Thus, embeddings are 
implicitly leveraged within our methodology as the latent 
structure underpinning the models’ judgments. It is impor-
tant to note that the hostility scores generated by the LLMs 
are not interpreted as precise or absolute numerical truths, 
but as relative indicators that can be compared and aggre-
gated. This mitigates the inherent limitations of LLMs in 
handling numbers as tokens without intrinsic mathematical 
grounding.

3.3  Getting the Numerical Value Utilizing the 
Regular Expression

The comments returned by the LLMs (e.g., Gemini, Chat-
GPT, and Copilot) follow the format specified in the prompt. 
However, it is essential to account for the possibility of hal-
lucinations–responses that deviate from the expected struc-
ture due to the model generating inaccurate or irrelevant 
content. These hallucinations can lead to errors in the analy-
sis pipeline if not managed effectively.

To mitigate this risk and ensure the accurate extraction 
of the aggressiveness value Xt

s (where s represents the 
expert and t the comment number, with Ts total comments 
per expert), a robust regular expression is implemented. The 
proposed regular expression is as follows:

r′(\d+)%′� (1)

This regular expression is designed to search for text patterns 
containing one or more digits, followed by the % symbol. 
The numeric value captured by the pattern "\d" represents 
the measure of the aggressiveness of the comment, denoted 
as Xt

s. This value lies in the [0, 100] range, reflecting the 
aggressiveness scale associated with each expert’s com-
ment. To reduce the stochastic variability of LLM outputs, 
each query was repeated five times, and the final weight was 
computed as the mean of these five attempts. It is worth not-
ing that the use of regular expressions for extracting hostil-
ity percentages from LLM outputs, although functional, is 
inherently fragile and may be prone to parsing errors. This 
strategy was adopted as a pragmatic choice to demonstrate 
feasibility. In future developments, more reliable extraction 
techniques—such as structured prompting, function calling, 
or requiring JSON-formatted outputs—will be incorporated 
to ensure robustness and eliminate potential inconsistencies.

Implementing this regular expression allows for the accu-
rate and consistent extraction of the relevant information, 
ensuring that any aggressive sentiment in the comments is 

1 3
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in preferences among the experts. Specifically, the formula 
for calculating the consensus value CNS is as follows:

CNS = 1 −

2 ·
M−1∑
s=1

M∑
k=1;s>k

√√√√
N∑

i=1

N∑
j=1;:i̸=j

(ps
ij − pk

ij)2

N · N − N

(M − 1) · M

� (4)

In this formula, ps
ij  and pk

ij  represent the pairwise prefer-
ences expressed by experts s and k, respectively, for alterna-
tives i and j. The Euclidean distance between each pair of 
experts’ preference matrices is calculated, and the consen-
sus value CNS is derived from the normalized sum of these 
distances. A high CNS value indicates a strong agreement 
among the experts, while a low value suggests a need for 
further discussion and alignment.

3.6  Aggregation of Individual Preferences

After the determination of the relative weights for each 
expert and the completion of the consensus analysis, the 
next step involves aggregating the individual preferences to 
form a collective preference relation. This is done by com-
bining the preferences of all experts in a weighted manner, 
where the influence of each expert is proportional to their 
calculated relative weight. The collective reciprocal prefer-
ence relation, denoted as P = (pij ; i ̸= j = 1, . . . , N), is 
represented as an N × N  matrix, where each element pij  
indicates the degree of preference of alternative i over alter-
native j. The main diagonal is excluded, as it would repre-
sent self-preference.

To perform this aggregation, we utilize the Weighted 
Average (WA) operator. This operator takes into account 
both the reciprocal preference relations expressed by each 
expert and their respective weights, ensuring that more 
influential experts have a greater impact on the final aggre-
gated preferences. The computation for each element of the 
collective preference relation pij  is as follows:

pij =
M∑

s=1
ps

ij · ws� (5)

Here, ps
ij  represents the pairwise preference of expert s for 

alternatives i and j, and ws is the relative weight of expert 
s. By applying this aggregation formula, we obtain a col-
lective preference matrix that reflects the weighted contri-
butions of all experts, with each individual’s preferences 
being adjusted according to their relative importance in the 
decision-making process.

proportionate to their calculated weight. Consequently, the 
sum of all relative weights wι must equal 1, maintaining 
the total weight as a normalized value. This normalization 
ensures that the collective decision-making process remains 
balanced and reflects the varying degrees of influence that 
different experts have on the final outcome.

The formula for calculating the relative weight wι of 
expert ι is as follows:

wι = Wι

M∑
s=1

Ws

; ι = 1, . . . , M
� (3)

Where wι denotes the non-hostility weight associated with 
expert ι, computed as (1 − hι), and 

∑M
s=1 Ws represents 

the total sum of such weights across all M experts. Accord-
ingly, wι expresses the normalized weight of expert ι. This 
formula ensures that the relative weight is calculated as the 
proportion of each expert’s gross weight relative to the total 
weight, which will later be used in the aggregation process.

3.5  Consensus Analysis

Once the reciprocal preference relationships have been 
established by the experts, the next step in the methodol-
ogy is the consensus analysis. The purpose of this analy-
sis is to measure the degree of agreement or disagreement 
among the experts’ preferences. To do this, a consensus 
threshold α ∈ [0, 1] is set. The consensus value, denoted 
as CNS ∈ [0, 1], must exceed this threshold for the group 
to be considered in agreement. If the consensus value falls 
below the threshold, it indicates that there is insufficient 
agreement among the experts, triggering a feedback process 
where experts are asked to revisit and possibly revise their 
preferences in order to reach a higher level of consensus. 
To avoid an unproductive cycle of repeated revisions, a pre-
defined number of rounds, denoted as ρ, is specified to limit 
the number of times the experts can return to the discussion. 
For the purposes of this study, ρ is set to 10, which ensures 
that the feedback process does not become unnecessarily 
infinite.

The consensus threshold was set at α = 0.9 in order to 
guarantee a high degree of agreement among participants, 
reflecting the standard adopted in similar GDM frame-
works. Meanwhile, the maximum number of revision 
rounds (ρ = 10) was introduced to avoid infinite feedback 
loops while still allowing sufficient opportunities for align-
ment. This balance ensures both methodological rigor and 
practical feasibility.

The consensus value is calculated using the Euclidean 
distance formula, which measures the collective differences 
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γQGDD = {γi ∈ X | QGDDγi
= max

γj∈X
QGDDγj

}� (7)

In this equation, γQGDD represents the alternative with the 
highest dominance value, which corresponds to the collec-
tive preference of all the participants in the decision-making 
process. The alternative with the maximum QGDD value is 
considered the most preferred choice, reflecting the consen-
sus of the group based on their preferences and the analysis 
conducted.

This final ranking step ensures that the decision-making 
process culminates in a clear and justified selection of the 
best alternative, taking into account all expert preferences, 
conflict resolutions, and aggregated judgments.

4  Illustrative Example

In this section, we delineate a case study designed to exem-
plify the capabilities of our proposed innovative method-
ology. Specifically, we consider a panel of three experts, 
Ξ = {ξ1, ξ2, ξ3}, tasked with formulating strategic invest-
ment decisions to enhance heating systems. The objective 
of their deliberation is to optimize thermal efficiency, ensure 
economic feasibility, and uphold environmental sustainabil-
ity. The experts are required to choose from a finite set of 
alternatives, Γ = {γ1, γ2, γ3, γ4}, comprising a coal-based 
heating system (γ1), a solar-powered solution (γ2), a gas-
fueled system (γ3), and an aerothermal system (γ4). The 
preferences articulated by each expert within this decision-
making framework serve to underscore the robustness of 
our method in addressing the multidimensional optimiza-
tion of thermal performance, ecological responsibility, and 
economic prudence in heating system improvements.

With both sets rigorously defined, the experts engage in a 
structured deliberative process. Each utterance made by the 
participants is systematically recorded and stored within the 
system. Upon the conclusion of the discourse, the system 
evaluates the degree of hostility exhibited by each expert 
using the following approach. Initially, the recorded dia-
logue is organized into a tabular format as illustrated below 
( It is possible to watch the full conversation at the following 
link1):

A connection is then established with the APIs for Gemini 
1.5 Flash, ChatGPT 4.o, and Copilot. The following prompt 
is transmitted to each system: "I want you to determine the 
percentage of aggressiveness for the following list of com-
ments using the structure: ‘sentence’ - The percentage of 
aggressiveness is X%." Next, the second row from the pre-
viously mentioned table is incorporated in its entirety into 
the prompt. This query is applied to all comments, resulting 

1  ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​j​​r​t​r​​i​l​l​​o​/​E​​v​a​l​​u​a​t​i​​n​g​​-​H​o​​s​t​i​l​​i​t​y​​-​D​e​​t​e​c​​t​i​o​​n​-​i​n​​-​G​​r​o​u​
p​-​D​e​c​i​s​i​o​n​-​M​a​k​i​n​g​.​g​i​t

This aggregated preference matrix serves as the founda-
tion for the subsequent steps, where it will be used to deter-
mine the final ranking of the alternatives, ensuring that the 
group decision-making process is both fair and representa-
tive of the collective preferences of the experts.

3.7  Getting the Ranking of Alternatives

In this final phase of the decision-making process, after 
establishing the collective reciprocal preference relation-
ship, the next crucial step involves determining the ranking 
of alternatives. To accomplish this task, it is essential to uti-
lize an appropriate operator. Among the available choices, 
we specifically select the Quantifier Guided Degree of 
Dominance (QGDD) operator. The QGDD operator is par-
ticularly advantageous because it allows for a precise and 
quantitative assessment of the degree to which one alterna-
tive is preferred over another, taking into account the pair-
wise preferences established by the experts.

Additionally, to compute the value of each alternative in 
comparison to others, we adopt the average operator. This 
ensures that the preferences across all individuals are evenly 
integrated into the calculation. As a result, to determine 
the degree of dominance of a given alternative γi over the 
remaining alternatives, we calculate the value QGDDγi , 
which is computed using the following formula:

QGDDγi
=

N∑
j=1;i̸=j

pij

N − 1

� (6)

In this equation, pij  represents the preference value of alter-
native γi over alternative γj , as derived from the collective 
preference matrix, and N denotes the total number of alter-
natives under consideration. The summation is performed 
for all alternatives j that are different from i. This calculation 
produces the degree of dominance of alternative γi over all 
others.

Once the values for each alternative have been obtained, 
the next step is to validate the results for consistency and 
accuracy. This validation is performed using Trillo’s theo-
rem (Trillo et al. 2022), which provides a method for veri-
fying the logical coherence of the results, ensuring that no 
contradictions or logical errors exist within the decision-
making process. If the results pass the validation process, 
they are deemed reliable.

The final action is to determine which alternative holds 
the highest degree of dominance, based on the previously 
computed QGDDγi  values. This can be formalized as 
follows:

1 3
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	● "I’ll start by saying that coal is unacceptable. It has no 
place in any serious discussion about modern heating 
systems." - The percentage of aggressiveness of this 
comment is 15%.

	● "Here we go again... Sure, coal is bad, but do you have 
any realistic idea for replacing it without bankrupting 
people?" - The percentage of aggressiveness of this 
comment is 40%.

	● "I have an idea: solar and aerothermal. But I suppose 
you’re going to say it’s “too expensive” as always" - The 
percentage of aggressiveness of this comment is 90%.

By employing the devised regular expression, the indi-
vidual values associated with each expert are meticulously 
extracted in a systematic manner. Once these values have 
been retrieved, the preliminary weight assigned to each 
expert is calculated with precision. The resulting data is suc-
cinctly consolidated and presented in the table below (refer 
to Table 3):

The values reported in Table 3 were computed follow-
ing the mathematical framework described in Sect. 3.3 and 
Sect. 3.4. Specifically, the numerical outputs were obtained 
using regular expressions in conjunction with Equation (1), 
whereas the behavioral weights were derived from Equa-
tion  (2) and Equation  (3), which incorporate the hostility 
scores generated by the LLMs. The results presented in 
the table, therefore, represent the aggregated outcomes of 
applying these formulas to the full set of expert comments.

Once the percentage corresponding to each expert has 
been determined, the next step involves calculating their 
respective significance within the process. This procedure 
entails establishing the weight attributed to each expert in 
relation to each Large Language Model. Subsequently, after 
completing the calculation of individual weights for each 
expert, their preferences are scrutinized, uncovering the 
reciprocal preference relationships. These relationships are 
meticulously detailed in the following section.

P1 =




− 0.30 0.50 0.80
0.70 − 0.75 0.70
0.50 0.25 − 0.60
0.20 0.30 0.40 −


 P2 =




− 0.55 0.75 0.70
0.45 − 0.60 0.70
0.25 0.40 − 0.60
0.30 0.30 0.40 −




P3 =




− 0.59 0.70 0.75
0.41 − 0.60 0.60
0.30 0.40 − 0.50
0.25 0.40 0.50 −




The presence of a consensus among the experts is assessed 
by establishing a consensus threshold of α = 0.9. Given that 
the calculated consensus value is CNS = 0.9618, it can be 
affirmed with confidence that a sufficient degree of agree-
ment exists among the experts. Therefore, it is appropriate 

in each system returning responses formatted according to 
the specified structure. Consequently, the output consists of 
all comments paired with their respective aggressiveness 
percentages. Below, examples are provided of comments 
made by experts ξ1, ξ3, and ξ2, along with the correspond-
ing responses generated by the systems:

Table 3  The raw weight of each expert. Each reported weight corre-
sponds to the mean of five independent attempts (i.e., repeated queries) 
to the respective LLM for the same input.
LLM Expert Attempt Raw weight Weight Average
GEMINI 1.5 ξ1

1 0.372040628 0.376020354
2 0.381191223
3 0.372607251
4 0.379771488
5 0.37449118

ξ2
1 0.35636751 0.356550133
2 0.361128527
3 0.351906848
4 0.35730979
5 0.356037992

ξ3
1 0.271591862 0.267429513
2 0.257680251
3 0.275485901
4 0.262918722
5 0.269470828

ChatGPT 4.o ξ1
1 0.367232518 0.374825668
2 0.382184379
3 0.367310283
4 0.378299120
5 0.379102041

ξ2
1 0.353838966 0.350473843
2 0.35107254
3 0.337674001
4 0.351906158
5 0.357877551

ξ3
1 0.278928516 0.274700489
2 0.266743082
3 0.295015716
4 0.269794721
5 0.263020408

Copilot ξ1
1 0.359626943 0.358465809
2 0.363829787
3 0.356807512
4 0.347722904
5 0.364341898

ξ2
1 0.35946114 0.344626621
2 0.34893617
3 0.330516432
4 0.340223556
5 0.343995805

ξ3
1 0.280911917 0.29690757
2 0.287234043
3 0.312676056
4 0.31205354
5 0.291662297
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This illustrative case underscores that the proposed meth-
odology can be readily applied to real-world deliberative 
settings, such as corporate strategic planning, public policy 
debates, or collaborative research projects. By quantifying 
hostility and incorporating it into consensus models, the 
framework provides not only theoretical insights but also 
actionable tools to enhance fairness and efficiency in deci-
sion-making environments.

5  Analysis of Results

This study implemented a methodology aimed at evaluating 
the impact of hostility in group decision-making processes. 
The evaluation considered three state-of-the-art language 
models: ChatGPT 4.o, Gemini 1.5 Flash, and Copilot, with 
a detailed analysis of participant comments and divergences 
in the results generated by each model.

As shown in Table 5, ChatGPT and Gemini exhibit closer 
alignment in moderate-hostility contexts, while Copilot 
tends to overestimate hostility levels. Despite these diver-
gences, the proposed weighting mechanism consistently 
reduces the influence of highly aggressive experts, ensur-
ing stability across models. Notably, the divergence in final 
rankings highlights the importance of incorporating hostil-
ity-aware weighting, as it absorbs model-specific variability 
and reinforces the robustness of the group decision-making 
process.

5.1  Accuracy in Hostility Evaluation

Representative comments made by three experts during 
the deliberative process were analysed. Each comment was 
evaluated by the three models, generating associated hostil-
ity scores. Table 6 summarizes some key examples:

The other evaluations can be viewed at the following 
link.2 The results indicate that ChatGPT 4.o and Gemini 
1.5 Flash exhibit greater concordance in detecting hostility 
in comments with low to moderate levels, whereas Copilot 
tends to assign higher percentages, especially in comments 
perceived as critical or confrontational. For instance, in 
the case of the comment Ḧere we go again . . . ¨, Copilot 
detected a hostility level of 70%, significantly higher than 
the 30% and 35% estimated by ChatGPT 4.o and Gemini, 
respectively.

Across five repeated evaluations per comment, 
ChatGPT and Gemini yielded low within-model vari-
ance (< 5%), while Copilot showed moderate variance 
(≈ 8 − 12%). Copilot also tended to overestimate hostil-
ity for moderately critical statements. Despite this, the 

2  ​h​t​t​p​s​:​​​/​​/​g​i​t​h​u​​​b​.​c​​o​​m​/​​j​r​t​​r​i​l​​​l​o​​/​E​v​a​​l​u​a​​t​i​​​n​g​-​​H​o​s​t​​i​l​​i​​t​y​​-​D​e​​t​e​c​t​​​i​o​​​n​-​i​​n​-​G​​r​o​u​
p​-​D​e​c​​i​s​i​o​n​-​M​​a​k​i​n​g​.​g​i​t

to proceed with the computation of the collective reciprocal 
preference relation for each LLM:

PChatGP T =




− 0.4673 0.6426 0.7512
0.5327 − 0.6562 0.6725
0.3574 0.3438 − 0.5725
0.2488 0.3275 0.4275 −




PGe min i =




− 0.4667 0.6426 0.7510
0.5333 − 0.6564 0.6733
0.3574 0.3436 − 0.5733
0.2490 0.3267 0.4267 −




PCopilot =




− 0.4723 0.6455 0.7507
0.5277 − 0.6538 0.6703
0.3545 0.3462 − 0.5703
0.2493 0.3297 0, 4297 −




Subsequently, the QGDD is applied to each Large Language 
Model using the average operator within the matrix. This 
process yields the ranking of the alternatives:

To conclude, we employ the Trillo theorem (Trillo et al. 
2022) as a robust methodological tool to verify the accuracy, 
consistency, and reliability of the entire execution process. 
This theorem provides a theoretical foundation for assessing 
the integrity of the procedural steps and the validity of the 
outcomes derived from the applied methodology. By apply-
ing this theorem, it is conclusively affirmed that, in all three 
cases analyzed, the process has been executed correctly, 
ensuring that the results are both methodologically sound 
and free from procedural inaccuracies.

Moreover, the analysis reveals a significant and note-
worthy observation regarding the influence of the selected 
LLM on the decision-making process. Specifically, when 
the ChatGPT and Copilot models are employed, the alterna-
tive γ1 emerges as the preferred choice. Conversely, when 
the Gemini model is utilized, the selection shifts, and γ2 is 
identified as the most suitable alternative. This divergence 
in outcomes highlights the inherent variability introduced 
by different LLMs, emphasizing the role that model-specific 
characteristics, underlying algorithms, and interpretative 
frameworks play in shaping the final decisions.

Such findings underscore the critical importance of 
selecting an appropriate LLM tailored to the specific context 
and objectives of the decision-making scenario. It also rein-
forces the necessity of thorough validation methods, such 
as the application of the Trillo theorem, to ensure that the 
processes underpinning these decisions remain both accu-
rate and reliable, regardless of the variability introduced by 
different computational models. This exploration not only 
illustrates the practical implications of LLM diversity but 
also enriches our understanding of how advanced AI sys-
tems can influence and shape critical decision-making pro-
cesses across varying contexts.
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evaluation of the tone of comments expressed in delibera-
tive contexts, allowing for an objective quantification of the 
level of aggressiveness exhibited by each participant. This 
approach significantly contributes to mitigating biases in 
interaction and promoting equity in decision-making.

One of the primary contributions of this methodology 
lies in its ability to minimize the disproportionate influence 
of individuals with an aggressive communicative style. By 
weighting their impact within the deliberative process, a 
more balanced discussion environment is fostered, aligning 
with the principles of deliberative justice. Additionally, the 
implementation of a feedback mechanism based on senti-
ment analysis encourages more respectful communication, 
prioritizing argument robustness over the mere manner in 
which ideas are expressed.

The comparative evaluation of hostility detection capabil-
ities across the assessed models reveals notable differences 
in terms of sensitivity and consistency in aggressiveness 
assessments. While all models demonstrated robust perfor-
mance in identifying and quantifying hostile expressions, 
it was observed that redundancy in evaluation–submitting 
each comment five times to each model–helped reduce 
result variability and enhance the reliability of the analytical 
process. These comparative findings confirm that although 
the three LLMs exhibit distinct biases, the proposed hos-
tility-aware weighting framework effectively stabilizes the 
decision-making process, mitigating model-specific distor-
tions and reinforcing robustness.

Nevertheless, applying generative models in this context 
also presents methodological challenges. One such chal-
lenge is the possibility of hallucinations in model-generated 
outputs, which could compromise the precision of hostil-
ity assessments. To mitigate this issue, a strategy based on 
regular expressions has been incorporated to systematically 
extract numerical values, thereby ensuring the coherence 
and standardization of processed information.

Furthermore, the interpretation of hostility levels remains 
dependent on contextual complexity and semantic nuances 
that the models the models may not fully capture. Although 
automating aggressiveness analysis enhances objectivity in 
the decision-making process, the inclusion of human mod-
erators could serve as a valuable complement for validating 
obtained results and fine-tuning the weighting assigned to 
each participant with greater precision. An important con-
sideration concerns the reliability of sentiment analysis in 
detecting hostile or aggressive language. While traditional 
approaches based on lexicons or supervised classifiers often 
failed to capture contextual nuances, recent advances in 

hostility-aware weighting remained stable: the most aggres-
sive expert’s weight decreased by ≈ 27 − 29% under all 
three models, indicating that minor score shifts do not over-
turn the intended moderating effect.

5.2  Weighting of Experts and Influence in the 
Process

The hostility evaluation enabled the calculation of relative 
weights for each expert based on the average aggressiveness 
of their interventions. Experts with less aggressive com-
ments received higher weights, as shown in Table 7:

These results reflect how hostility modulates the influ-
ence of experts in the group process. Expert 1, who demon-
strated the lowest average hostility (15% in ChatGPT 4.o), 
received the highest relative weight, while Expert 3, with 
higher hostility levels, saw their weighting reduced.

This moderation effect directly enhances consensus qual-
ity: by curbing the disproportionate weight of aggressive 
participants, the aggregated preferences better reflect the 
substantive validity of arguments. As shown in Tables 5 and 
7, the relative weight adjustments are consistent across mod-
els, providing robustness against LLM-specific variability.

5.3  Impact on the Ranking of Alternatives

The weighted aggregation process led to consistent results 
in the selection of alternatives, though with subtle diver-
gences among the models. ChatGPT 4.o and Copilot agreed 
in prioritizing alternative γ1 (coal-based heating system), 
while Gemini 1.5 Flash favored γ2 (solar solution). Table 
4 summarizes the dominance scores. These differences 
highlight the importance of selecting appropriate models 
based on the specific decision-making context, as algorith-
mic particularities can influence the final results. However, 
the overall consistency in dominance values reinforces the 
validity of the approach. Although the top alternative dif-
fers between Gemini (γ2) and the other two models (γ1), 
the QGDD dominance values are close, indicating that the 
relative ordering of the leading options is robust to plausible 
inter-model differences in hostility scoring.

6  Discussion

In this study, the analysis serves as a proof-of-concept dem-
onstration rather than an exhaustive evaluation. The imple-
mentation of these models enables a rigorous and systematic 

QGDD γ1 γ2 γ3 γ4
QGDD (CHAT GPT4.o) 0.620352584 0.620490733 0.424582514 0.334574169
QGDD (Gemini 1.5 flash) 0.620096346 0.620,989,337 0.42474352 0.334170797
QGDD (Copilot) 0.622,829,993 0.617273088 0.423667067 0.336229852

Table 4  QGDD results 
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analysis techniques and natural language processing to 
refine the detection of intentions and emotions in group 
interactions.

The scope of the present analysis is restricted to a single 
illustrative dataset, without manual or expert annotation and 
without comparison to alternative baseline methods. This 
design was sufficient to demonstrate the methodological 
integration of LLM outputs into fuzzy consensus models, 
but it does not provide empirical generalizability. Future 
research should therefore expand the dataset substantially, 
incorporate human labelling to validate hostility scores, and 
benchmark the proposed framework against existing senti-
ment or hostility detection approaches. These steps would 
provide stronger evidence of the robustness and external 
validity of the method.

A known limitation of using LLMs lies in their treatment 
of numbers as symbolic tokens rather than grounded quanti-
ties, which can affect the reliability of numeric outputs. In 
our framework, this issue is partially mitigated by repeated 
querying and aggregation across multiple models, reduc-
ing stochastic inconsistencies. Nevertheless, future studies 
could adopt comparative prompting strategies (e.g., asking 
which comment is more aggressive between two options) to 
evaluate whether LLMs capture relative distinctions more 
reliably than absolute scoring. Such enhancements would 
further strengthen the methodological robustness of hostil-
ity detection.

From a practical standpoint, the framework could be inte-
grated into online platforms that support group deliberation, 
serving as an automated moderator to reduce the dominance 
of aggressive participants and to encourage constructive 
dialogue. Such integration would be particularly valuable 
in large-scale participatory governance or corporate deci-
sion-making processes where hostility can compromise effi-
ciency and fairness.

Despite the encouraging results, several improvements 
could further strengthen the proposed framework. First, a 
human-in-the-loop component could be integrated to vali-
date borderline cases where models struggle to differentiate 
assertiveness from genuine aggression. Second, benchmark-
ing against gold-standard annotated corpora would provide 
a more objective measure of detection accuracy. Third, the 
methodology could be extended to multilingual and multi-
modal deliberations, incorporating not only textual inputs 
but also speech and paralinguistic cues such as tone or facial 
expressions. Fourth, more sophisticated discourse analysis 
techniques could refine the detection of pragmatic intent, 
reducing false positives in critical but non-hostile state-
ments. Finally, enhancing the interpretability and trans-
parency of hostility scores would help participants better 
understand how their contributions are weighted, fostering 
trust in the system.

transformer-based LLMs have demonstrated strong capa-
bilities in distinguishing between neutral assertiveness 
and genuine hostility. In our framework, this reliability is 
enhanced by three methodological safeguards: (i) the use 
of multiple state-of-the-art LLMs (ChatGPT, Copilot, and 
Gemini) to cross-validate outputs, (ii) repeated evaluations 
of each comment to reduce stochastic variability, and (iii) 
the transformation of textual outputs into structured numeri-
cal hostility scores through regular expressions. Together, 
these measures mitigate model-specific biases and ensure 
that hostility detection is consistent, reproducible, and suit-
able for integration into consensus-reaching mechanisms.

Compared to previous studies, the proposed method-
ology offers significant advancements. It should be noted 
that the consensus model employed here is adapted from 
established approaches in fuzzy decision-making. However, 
unlike previous adaptations, the present study introduces 
hostility-aware behavioral weighting based on LLM predic-
tions, which constitutes a novel methodological synthesis 
not found in the existing literature. For instance, in works 
such as Hashmi et al. (2025), a supervised learning-based 
approach for hostility detection has been implemented, 
requiring large volumes of labelled data and exhibiting 
limitations in adaptability to different deliberative con-
texts. Similarly, Trillo et al. (2023) describes a classification 
system based on dictionaries of aggressive words, which, 
although efficient, lacks the flexibility inherent in the gen-
erative models employed in this study. Finally, Sadiq et al. 
(2021) explores manual discourse moderation as a strategy 
to reduce hostility in debates, an effective method but one 
with high operational costs and limited scalability. In con-
trast, the methodology proposed herein achieves a balance 
between automation and adaptability, enabling real-time 
hostility detection without necessitating constant human 
intervention.

In contrast to previous approaches, which relied either 
on pre-defined dictionaries, supervised models, or manual 
moderation, the present study constitutes the first attempt 
to systematically integrate multiple state-of-the-art LLMs 
into a consensus-reaching process. Our framework not 
only detects hostility but also operationalizes it within the 
weighting mechanism of experts, thereby introducing an 
innovative linkage between natural language processing and 
decision-theoretic modelling.

Concisely, this study represents a significant step for-
ward in the application of artificial intelligence for regulat-
ing communication in group decision-making contexts. The 
presented methodology could be extended to large-scale 
decision-making environments, where managing hostility 
in interactions is a critical factor in achieving equitable and 
sustainable consensus. Future research could explore the 
integration of language models with advanced discourse 
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performance. Third, extending the framework to multilin-
gual and multimodal contexts, including speech and non-
verbal cues, would enhance its ecological validity. Fourth, 
incorporating hybrid approaches that combine LLM-based 
hostility detection with symbolic or ontology-based reason-
ing may increase precision. Finally, greater emphasis on 
explainability mechanisms will be necessary to foster trans-
parency and trust when applying the framework in real-
world decision-making platforms.

Finally, our evaluation emphasizes comparative and 
operational effectiveness rather than absolute accuracy. We 
did not employ human-annotated gold standards, and there-
fore we refrain from claims about true detection accuracy in 
an absolute sense. Future work will benchmark LLM out-
puts against expert annotations and examine domain- and 
culture-specific norms to better separate firm but civil asser-
tiveness from genuine hostility.

7  Conclusions

This study has presented a novel methodology for evaluat-
ing hostility detection in group decision-making processes, 
utilizing the comparative analysis of three advanced Large 
Language Models (LLMs): Gemini 1.5 Flash, ChatGPT 4.o, 
and Copilot. By integrating generative artificial intelligence 
into the decision-making framework, we aimed to address 
the challenges posed by linguistic aggression and its poten-
tial to bias collective decisions. Moreover, the proposed 
approach effectively quantifies the degree of aggressiveness 
in expert comments, ensuring that emotional influences are 
mitigated during decision-making. This enables a more bal-
anced and constructive dialogue among participants.

The method not only demonstrates the potential of gen-
erative artificial intelligence to enhance group decision-
making but also sheds light on the critical interplay between 
advanced AI systems and human dynamics in collaborative 
environments. The findings advocate for further exploration 
of LLM-based frameworks, emphasizing their adaptability 
to diverse decision-making contexts and their capacity to 
foster equitable and efficient deliberations. Our findings 
further suggest that hostility-aware weighting not only 
improves the quality of consensus but also lays the ground-
work for enhancing participant satisfaction, insofar as deci-
sions emerge from a more balanced and procedurally fair 
process.

Future research should build on these findings by (i) 
validating the framework in real deliberative environments 
with human participants, (ii) benchmarking against anno-
tated datasets for hostility detection, (iii) expanding into 
multilingual and multimodal settings, (iv) testing domain-
specific adaptations, and (v) improving transparency for 

Beyond technical stability, the integration of hostility-
aware weighting mechanisms is expected to positively 
influence group satisfaction. Prior studies in consensus 
theory indicate that participants are more likely to endorse 
and adhere to decisions when the process is perceived as 
equitable and inclusive. By systematically reducing the 
influence of disproportionately aggressive interventions, 
our framework fosters a perception of procedural fairness. 
While satisfaction was not directly measured in this study, 
we argue that the documented improvements in consen-
sus quality (Tables 5 and 7,) provide a strong proxy for 
enhanced acceptance of the final outcomes. Future work 
should complement these findings with user-centered evalu-
ations involving real deliberative groups.

Looking ahead, several promising avenues emerge from 
our findings. First, empirical user studies should be con-
ducted to assess not only consensus quality but also per-
ceived fairness and satisfaction among participants. Second, 
creating annotated corpora of deliberative hostility would 
provide a benchmark for systematically evaluating LLM 

Table 5  Comparative analysis of LLM performance in hostility detec-
tion and decision impact
Criterion ChatGPT 

4.0
Gemini 1.5 
Flash

Copilot Observations

Sensitiv-
ity to low 
hostility

Moderate 
(10–20%)

Moderate 
(10–15%)

Overes-
timates 
(up to 
50%)

Copilot sys-
tematically 
exaggerates 
hostility

Stabil-
ity across 
repetitions

High (vari-
ance <5%)

High (vari-
ance <5%)

Moder-
ate (vari-
ance 
8–12%)

Gemini and 
ChatGPT 
more 
consistent

Weighting 
impact on 
Expert 3

Reduced by 
∼27%

Reduced by 
∼27%

Reduced 
by ∼
29%

Weight reduc-
tion stable 
across models

Final rank-
ing outcome

γ1 
prioritized

γ2 
prioritized

γ1 pri-
oritized

Demonstrates 
variability 
across LLMs

Table 6  Levels of hostility detected by the linguistic model in an 
attempt
Expert Commentary Chat-

GPT 
4.o

Gemini 
1.5 
Flash

Copi-
lot

ξ1
I’ll start by saying that coal 
is unacceptable...

15% 10% 50%

ξ3
Here we go again... 30% 35% 70%

ξ2
Yes, I have an idea: solar 
and aerothermal...

40% 40% 65%

Table 7  Relative weights of experts based on hostility levels
Expert ChatGPT 4.o Gemini 1.5 Flash Copilot
Expert 1 37.6% 37.4% 35.8%
Expert 2 35.0% 35.6% 34.5%
Expert 3 27.4% 27.0% 29.7%
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