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Abstract 
Introduction. Group polarization is an important research direction in social media 
content analysis, attracting many researchers to explore this field. Therefore, how 
to effectively measure group polarization has become a critical topic. Measuring 
group polarization on social media presents several challenges that have not yet 
been addressed by existing solutions. First, social media group polarization 
measurement involves processing vast amounts of text, which poses a significant 
challenge for information extraction. Second, social media texts often contain hard-
to-understand content, including sarcasm, emojis, and internet slang. Additionally, 
group polarization research focuses on holistic analysis, while texts is typically 
fragmented. These challenges indicate that a new solution needs to be proposed. 

Method. To address these challenges, we designed a solution based on a multi-
agent system and used a graph-structured community sentiment network (CSN) to 
represent polarization states. Furthermore, we developed a metric called 
community opposition index (COI) based on the CSN to quantify polarization. 

Conclusion. We tested our multi-agent system through a zero-shot stance 
detection task and achieved outstanding results, which proved its significant value 
in terms of usability and accuracy. 
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Introduction 
With the development of internet technology, social media has gained widespread popularity. 
GLOBAL DIGITAL REPORT (https://datareportal.com/global-digital-overview) indicates that 
platforms such as Facebook, YouTube, and TikTok boast billions of users worldwide. Social media 
has become a key avenue for the public to express opinions and engage in discussions. Its 
anonymity and convenience enable users to freely express their true views, thereby shaping social 
media public opinion. As a result, research in this field has also flourished. 

In these studies, research from the perspective of group polarization holds a significant position. 
The concept of group polarization was first introduced by Stoner, who observed that group 
decisions tend to be more extreme compared to individual decisions (Stoner, 1961; Isenberg, 1986). 
In the internet era, group polarization is broadly defined as the divergence of public opinions or 
stances. Building on this definition, researchers have conducted extensive and comprehensive 
studies on various issues related to group polarization. One of the fundamental research problems 
in the field of social media group polarization is its measurement. Early measurement methods 
based on statistical approaches suffered from issues such as overly simplistic for the complexity 
of social media dynamics (Bilal et al., 2019; Gaurav et al., 2013; Hart et al., 2020; Jaidka et al., 2018; 
Tumasjan et al., 2010). Current mainstream methods, such as text clustering or sentiment 
classification (Belcastro et al., 2020; Jiang et al., 2018; Ribeiro et al., 2017; Tyagi et al., 2020), struggle 
to balance efficiency and interpretability. While some researchers have made significant progress 
by focusing on the relationships between different viewpoints, these studies still fall short in 
understanding the deeper nuances of opinion stances and their evolution (Boxell et al., 2020; 
Iyengar et al., 2019; Jiang et al., 2023; Lelkes et al., 2024; Maia et al., 2023). 

To address the existing issues in measuring group polarization and improve efficiency, accuracy, 
and interpretability, we propose a new group polarization measurement approach based on LLM-
based agents and graphs. This approach draws inspiration from the stance detection task in natural 
language processing (NLP) and the earlier sentiment thermometer method. We use a community 
sentiment network (CSN) represented by a graph structure to model the polarization state, where 
LLM-based agents are employed to construct the network. Additionally, we design polarization 
measurement metrics based on CSN. To validate the effectiveness of our approach, we tested the 
module responsible for constructing CSN on zero-shot stance detection tasks, and the results 
demonstrated its superiority in capturing the nuances of group polarization. 

In summary, our contributions are as follows: (1) we propose a temporal community sentiment 
network (CSN) to represent the polarization state over time. (2) we introduce LLM-based agents 
for stance detection into group polarization measurement, significantly enhancing both efficiency 
and accuracy. (3) we propose a more robust metric based on the CSN, community opposition index 
(COI). 

Related work 
Opinion polarization measurement 
As research on group polarization deepens, extensive exploration has also been conducted on the 
measurement of group polarization, leading to the development of a relatively comprehensive 
system of measurement approaches. Existing research suggests that the current mainstream 
group polarization measurement schemes can be primarily divided into three categories: volume-
based, sentiment-based, and network-based (Bilal et al., 2019; Jaidka et al., 2018). We will discuss 
the characteristics of these three measurement schemes and their shortcomings when applied to 
the task of measuring group polarization on social media. 

Volume-based approaches primarily rely on statistical methods and were widely applied in the 
early research of group polarization. Early researchers collected data through surveys and 

https://datareportal.com/global-digital-overview


Information Research, Vol. 30 No. iConf (2025) 

95 

experiments and used statistical analysis to obtain relevant polarization results. In current trend 
of exploring group polarization via social media, volume-based schemes focus more on various 
data metrics and employ statistical methods in research. Notable examples include Gaurav et al.'s 
political polarization study based on the moving average aggregate probability method, Tumasjan 
et al.'s analysis of political polarization using the LIWC tool, and Hart et al.'s use of 
multidimensional statistical analysis to analyse polarization during COVID-19 (Gaurav et al., 2013; 
Tumasjan et al., 2010; Hart et al., 2020). 

However, existing studies suggest that volume-based schemes have limitations in terms of 
capturing information and analysing large datasets. They fail to accurately understand the opinions 
and sentiments conveyed in the text and generally rely on broad statistical metrics (e.g., word 
frequency, likes, bookmarks, etc) to gather limited information. The lack of rapid information 
capture and in-depth understanding makes these techniques less effective for tracking and real-
time analysis of group polarization, and they also fall short in terms of precision in measuring 
polarization. 

Compared to volume-based approaches, sentiment-based approaches place greater emphasis on 
the meaning and emotions conveyed in the text. Typically, sentiment-based approaches are 
grounded in natural language processing (NLP) and analyse social media text from the perspectives 
of opinions and emotions. These methods generally follow two main strategies. The first involves 
clustering texts based on the similarity of sentiments, such as the IOM-NN method proposed by 
Belcastro for accurately detecting emotional information in political polarization (Belcastro et al., 
2020). The second strategy leverages deep learning for direct sentiment classification, exemplified 
by Tyagi et al.’s research on polarization driven by climate change, and the explorations by Ribeiro 
et al. and Jiang et al. on the relationship between misinformation and polarization (Tyagi et al., 
2020; Ribeiro et al., 2017; Jiang et al., 2018). 

Unfortunately, both strategies face notable challenges in practice. For text clustering, current 
clustering algorithms are relatively coarse and simplistic, making it difficult to distinguish between 
disruptive information (such as advertisements or neutral statements) and significant content. 
Moreover, they do not account for the specific relationships between subgroups or their 
contribution to polarization, resulting in outcomes that lack precision and interpretability. In 
sentiment classification, current methods often rely on binary classifications, failing to capture the 
intensity of emotions. This oversimplified method negatively impacts both the interpretability and 
accuracy of polarization measurement. 

It is also worth noting that in political polarization research, a method called the sentiment 
thermometer has been widely adopted (Boxell et al., 2020; Iyengar et al., 2012; Iyengar et al., 2019; 
Lelkes et al., 2017; Wakefield et al., 2023). This approach uses surveys to gather voters’ emotional 
scores toward various political parties, thus enhancing the precision and interpretability of the 
analysis. However, this method is costly, limited by small sample sizes, and not well-suited for 
measuring polarization in the context of social media, as it generally considers only two opposing 
groups, whereas social media often involves more complex, multi-group dynamics (Iyengar et al., 
2012). 

Network-based approaches represent an approach that evaluates group polarization by 
considering social positions and relationships among groups, focusing on emotional direction and 
the stance between subgroups to better measure polarization levels. Traditional social network 
analysis in group polarization studies explores peripheral connections around core opinions to 
assess subgroup positions and emotions (Bravo et al., 2015; Conover et al., 2011; Garcia et al., 2015; 
Guerra et al., 2013; Medaglia et al., 2017; Vicario et al., 2017). Some researchers have further 
developed this by dynamically simulating the process of group polarization to explore its 
evolutionary pathways (Maia et al., 2023; Santos et al., 2021). With the advancement of graph neural 
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networks (GNNs), network-based approaches have been enhanced, as demonstrated by valuable 
explorations from researchers such as Xiao et al., Zhang et al., and Jiang et al., who utilized 
sentiment networks and GNNs in their studies (Xiao et al., 2020; Zhang et al., 2019; Jiang et al., 
2023). While these studies have achieved promising results in improving the scientific rigor and 
interpretability of group polarization research, they generally lack detailed analysis of the textual 
content. Moreover, social division within purely social networks does not necessarily result from 
group polarization, raising questions about the accuracy of some conclusions drawn from these 
methods. 

LLM-based agents 
With the introduction of OpenAI's GPT series of large language models (LLMs), numerous research 
fields have incorporated or examined GPT's capabilities (Brown et al., 2020). In the realm of group 
polarization research, some researchers have also explored its applications. For instance, Lu et al. 
used agent-based simulations to model group polarization dynamics, while Zhang et al. employed 
LLM-Based Agents to detect stances within polarized groups (Lu, 2024; Zhang, 2022). These studies 
have yielded promising results, demonstrating the feasibility and value of applying large language 
models in this field. 

Method 
As we mentioned in the first section, to achieve an accurate measurement of group polarization, 
our proposed method consists of three parts, specifically: (1) a community sentiment network (CSN) 
used to represent subgroups, the emotions between and within subgroups. (2) an efficient multi-
agent system for CSN construction. (3) a group polarization metric based on the CSN, community 
opposition index (COI). 

The set of opinion texts will be used to identify subgroups and conduct sentiment analysis through 
the multi-agent system, forming a CSN. The current polarization measurement result for the time 
slice can then be calculated using the COI. 

Community sentiment network 
The community sentiment network (CSN) is an extension of the sentiment thermometer method. 
The traditional sentiment thermometer could only be applied to two subgroups (Iyengar, 2012). CSN 
extends the sentiment thermometer to a directed cyclic graph that involves emotions between 
multiple subgroups (see Figure 1). Let G = (V, E) be a graph, where V is the vertex set containing 
subgroups and E is the set of edges representing the sentimental relationships between subgroups. 
Each edge e ∈ E is defined as (u, v, s) where u, v ∈ V and s is the sentiment score. It should be 
noted that nodes v and u are allowed to be the same node, meaning self-loops are permitted. The 
score s can be either positive or negative, reflecting the positive or negative nature of the 
sentiment. 
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Figure 1. An example of a CSN generated by Graphviz based on comments scraped from Weibo under topics 

related to the Russia-Ukraine conflict, within a random time window 

Unlike traditional social networks, CSN uses sentiment rather than interactions as the basis for 
constructing connections. Also, CSN clearly illustrates the various subgroups with different 
stances within the target time period and reveals the emotional states between subgroups as well 
as the internal cohesion of each subgroup. Therefore, compared to clustering results or social 
networks, CSN significantly highlights the contributions of different subgroups to polarization, 
providing greater interpretability of the polarization state. 

The construction of the CSN involves multiple issues, such as subgroup identification, stance 
detection of opinion information, and sentiment recognition. However, existing research in the 
field of group polarization is insufficient to provide effective solutions to these issues. Therefore, 
inspired by the advancements in stance detection tasks (Xiao et al., 2020), we designed a multi-
agent system based on LLM-based agents (see Figure 2). 

 
Figure 2. The structure of multi-agent system for CSN construction, containing background mining stage, 

semantic analysis stage and polarization assessment stage 

In summary, our multi-agent system is composed of three stages: the background mining stage, 
the semantic analysis stage, and the polarization assessment stage. The background mining stage 
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consists of subgroup exploration expert and domain specialist, the semantic analysis stage 
includes social media veteran, linguistic expert, and sentiment analysis expert. The polarization 
assessment stage comprises polarization assessor. The agents collaborate through a series of 
interactions to provide accurate subgroup division results and reliable sentiment scores (see 
Figure 3). We will provide a detailed explanation of each stage and the functions of the respective 
agents in the following paragraphs. 

 
Figure 3. Construction of group affect network 

Background mining stage 
For the construction of the CSN, the first issue we need to address is how the multi-agent system 
understands the overall event within the context of the event. To solve this, we propose the 
Background Mining Stage, which uses textual information to understand the event and identify 
potential subgroups. Its functionality can be described as follows: 

Input: all the comment texts related to the target topic (sampled if necessary). 

Output: a description of the event's background, all potential subgroups present in the topic, and 
detailed descriptions of each subgroup. 

Domain specialist. Domain specialist is primarily responsible for extracting the event background 
described in the comment texts. Their main tasks include exploring the core event of the topic and 
key stakeholders. The domain specialist develops a comprehensive description of the event's 
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timeline and related parties, providing this background information to the subgroup exploration 
expert and other subsequent stages of the process. 

Subgroup exploration expert. The task of the subgroup exploration expert is to use the background 
information provided by the domain specialist along with the source texts to identify potential 
subgroups involved in the event and summarize the possible speaking patterns of each subgroup's 
members. This requires the expert to explore the organizations, stances, religions, and other social 
identities referenced in the texts and form subgroups based on the similarity of their expressions. 
It is important to note that if there is a significant amount of unclassifiable content, the expert is 
permitted to consult human experts for clarification. 

Semantic analysis stage 
Building on the background information, semantic analysis stage needs to address the primary 
challenge of accurately interpreting the emotions conveyed in the texts, especially when slang, 
homophones, sarcasm, and other nuanced expressions are present. To achieve better results on 
this complex task, we design the system with the specific attributes of social media in mind. Its 
functionality can be described as follows: 

Input: comment texts under the target topic and results from background mining stage. 

Output: sentiment analysis result.  

Social media veteran. The social media veteran is one of the key agents responsible for semantic 
understanding of social media content. Its main role is to explore the patterns and characteristics 
of language expression on social media platforms. The agent needs to interpret the actual 
meanings of hashtags, internet slang, emojis, and other unique forms of expression commonly used 
on social media. After this analysis, the social media veteran passes the comprehended information 
to the sentiment analysis expert for further processing. 

Linguistic expert. The linguistic expert is another key agent responsible for the semantic 
understanding of social media content. Unlike the social media veteran, the linguistic expert 
focuses on analysing the text from a linguistic perspective, examining aspects such as grammatical 
structure, rhetorical devices, word choice, and tense. The analysis results are also passed to the 
sentiment analysis expert. It is important to note that the linguistic expert's analysis is not 
conducted in isolation; the background information provided by the domain expert supports and 
informs the linguistic analysis. 

Sentiment analysis expert. The sentiment analysis expert is the agent responsible for synthesizing 
various inputs to determine the final sentiment and its direction. It combines the emotional 
language present in the text with the semantic analysis results provided by other agents, such as 
the social media veteran and the linguistic expert, to derive the sentiment of the text. Additionally, 
it utilizes the subgroup information provided by the subgroup exploration expert to identify the 
potential target of the sentiment. The results of this sentiment analysis will serve as the output of 
the sentiment analysis stage and will be passed to the next stage. 

Polarization assessment stage 
The primary task of the polarization assessment stage is to utilize the information from the 
background mining stage and the semantic analysis stage to generate CSN in the form of triplets. 
Its functionality can be described as follows: 

Input: all information from the background mining stage (including potential subgroups and event 
background), each text from the target topic, and their sentiment analysis results. 

Output: sentiment expressed in the form of triplets for each comment: (personal stance, sentiment 
score, target subgroup). 
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Polarization assessor. The polarization assessor is the core agent of the polarization assessment 
stage. It is responsible for analysing the author's stance, sentiment score, and the target group of 
the sentiment for each comment, based on the information passed from the other stages. The 
polarization assessor integrates this information into triplets. With the multi-dimensional and in-
depth analysis provided by the other stages, the polarization assessor can make precise judgments 
and give credible sentiment score. 

CSN construction. To construct the final community sentiment network (CSN) based on the 
sentiment triplets from the existing comments, we designed the relevant algorithm (see Figure 4, 
Table 1 explains some variables). We use an adjacency matrix, adjMatrix, to represent the CSN, 
where adjMatrix[i][j] represents the sentiment score of subgroup i towards subgroup j. We first 
use all the triplets to build an initial network and then merge the nodes that belong to the same 
subgroup. During the merging process, we use the number of likes on the comments as a weighting 
factor, applying a weighted calculation to the sentiment scores between subgroups involved in the 
sentiment. This results in a total sentiment score between the subgroups. Since not all triplets have 
a personal stance, we complete them by approximating the occurrence frequency of all known 
personal stances as probabilities and use these probabilities to fill in the incomplete triplets. These 
operations result in the final CSN. 

 
Figure 4. Construction of community sentiment network 
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Variable Explanation 
weightSum triplets' weight 

countMatrix[i][j] number of triplets whose person stance is i and 
target subgroup is j 

incompleteTriplets variable for storing incomplete triplets 
commentCount number of comments in every subgroup 

Table 1. The explanation of some variables in Figure 4  

Community opposition index (COI) 
We have designed a dedicated group polarization metric for CSN to derive an interpretable 
polarization index from its complex graph structure. In previous research on sentiment-based 
polarization measurement, a widely accepted viewpoint is that the stronger the internal cohesion 
within subgroups and the greater the hostility between subgroups, the higher the level of 
polarization (Iyengar et al., 2012; Iyengar et al., 2015; Lelkes et al.,2017; Wakefield et al., 2023; Yarchi 
et al., 2021). The sentiment thermometer was developed based on this perspective, and its approach 
of calculating sentiment temperature differences has gained widespread recognition and practical 
use (Boxell et al., 2020; Iyengar et al., 2019; Iyengar et al., 2012; Lelkes et al.,2017; Wakefield et al., 
2023). However, as we mentioned earlier, this method is only applicable when there are exactly 
two subgroups involved in group polarization. Therefore, we extended this calculation method to 
the multi-group domain and proposed the community opposition index (COI). 

Firstly, we calculate the sentiment score of a subgroup towards the other subgroups: 

�−𝑒𝑒𝑖𝑖𝑖𝑖� ⋅ 1𝑒𝑒𝑖𝑖𝑖𝑖≤0. 

Here, eij represents the sentiment score of subgroup i towards subgroup j. 1eij≤0 means that we 
consider friendly subgroups as not contributing to the overall group polarization. 

Subsequently, we sum the sentiment scores of subgroup i towards all other related subgroups and 
take into account the internal cohesion within each subgroup. Therefore, we get the polarization 
score of subgroup i. Here, ti represents the internal cohesion of the subgroup i: 

𝑡𝑡𝑖𝑖 ⋅��−𝑒𝑒𝑖𝑖𝑖𝑖� ⋅ 1𝑒𝑒𝑖𝑖𝑖𝑖≤0
𝑗𝑗

. 

Finally, we weight the overall sentiment score of each subgroup according to its size and calculate 
the final polarization score: 

��
𝑛𝑛𝑖𝑖
𝑁𝑁
⋅ 𝑡𝑡𝑖𝑖 ⋅��−𝑒𝑒𝑖𝑖𝑖𝑖� ⋅ 1𝑒𝑒𝑖𝑖𝑖𝑖≤0

𝑗𝑗

�
𝑖𝑖

. 

Here N represents the total number of comments on the target topic and ni represents the number 
of comments of subgroup i within this topic. 

It is important to emphasize that, since our metric is a relative indicator, it can avoid interference 
in the polarization measurement results caused by differences in the number of comments. 
Additionally, this metric, by focusing on both the internal and external sentiments of subgroups, 
offers better interpretability. 

Zero-shot experiments 
Our experiments will focus on the multi-agent system. Since there is no established benchmark in 
the field of group polarization research, we have chosen to test the system using stance detection 
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tasks, which share a similar nature. However, unlike stance detection, where subgroups are 
predefined, our system autonomously identifies and extracts subgroups, making our task distinct 
from stance detection. We describe the specific setup of our experiments as follows. 

Datasets 
Based on existing work in the field of stance detection, we will conduct our experiments on the 
following three datasets (Augenstein et al., 2016; Liang et al., 2022): 

SEM16 (Mohammad et al., 2016). This dataset includes six different targets selected from various 
domains, namely Donald Trump (DT), Hillary Clinton (HC), Feminist Movement (FM), Legalization 
of Abortion (LA), Atheism (A), and Climate Change is a Real Concern (CC). It includes three types of 
stances: Favour, Against, and None. 

P-Stance (Li et al., 2021). This dataset includes six different targets selected from political domains, 
namely Donald Trump (Trump), Joe Biden (Biden), Bernie Sanders (Sanders). It includes three types 
of stances: Favour and Against. 

VAST (Allaway et al., 2020). This dataset includes large number of varying targets, and it includes 
three types of stances: Pro, Con and Neutral. 

The statistics of our utilized datasets are shown in Table 2. Since our model's use case is almost 
zero-shot, we will utilize these three datasets to conduct zero-shot stance detection. We will 
strictly adhere to the licensing requirements of the respective datasets. 

To better evaluate the model's performance, we selected appropriate metrics based on existing 
literature (Allaway et al., 2021; Lan et al., 2024; Liu et al., 2021). For the SEM16 and P-Stance datasets, 
we chose Favg, which represents the average of F1 scores for Favour and Against. For the VAST 
dataset, we opted for Macro-F1 as the evaluation metric. 

Dataset Target Pro Con Neutral 

SEM16 

DT 148 (20.9%) 299 (42.3%) 260 (36.8%) 
HC 163 (16.6%) 565 (57.4%) 256 (26.0%) 
FM 268 (28.2%) 511 (53.8%) 170 (17.9%) 
LA 167 (17.9%) 544 (58.3%) 222 (23.8%) 
A 124 (16.9%) 464 (63.3%) 145 (19.8%) 

CC 335 (59.4%) 26 (4.6%) 203 (36.0%) 

P-Stance 
Biden 3217 (44.1%) 4079 (55.9%) - 

Sanders 3551 (56.1%) 2774 (43.9%) - 
Trump 3663 (46.1%) 4290 (53.9%) - 

VAST - 6952 (37.5%) 7297 (39.3%) 4296 (23.2%) 

Table 2. Statistics of our utilized datasets  

Model adjustment 
Since the primary purpose of our designed multi-agent system is to construct the CSN, we need 
to adjust the model for the experiments. We removed the subgroup exploration expert and 
eliminated the subgroup exploration process. Instead, we input texts with predefined target 
groups into the remaining five agents and obtained the output from the polarization assessor. The 
adjusted model's output only includes the sentiment score and target group, making it suitable for 
performing stance detection tasks. 

Regarding the specific details of the model configuration, we use multiple GPT-3.5 Turbo models 
provided by OpenAI to serve as agents in the background mining stage and semantic analysis stage, 
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while GPT-4 is employed as the polarization assessor. This selection was primarily based on a 
balance between cost and the desired final performance. 

Comparison methods 
We compare our method with various methods in zero-shot stance detection. This includes 
adversarial learning method: TOAD, contrastive learning methods: PT-HCL, Bert-based 
techniques: TGANet and Bert-GCN, LLM-based techniques: GPT-3.5 Turbo, GPT-3.5 Turbo + 
Chain of thought (COT) and COLA (Allaway et al., 2021; Liang et al., 2022; Allaway et al., 2020; Liu 
et al., 2021; Zhang et al., 2022; Zhang et al., 2023; Lan et al., 2024). 

Zero-shot stance detection results 
In Table 3, we present the performance of our method on the zero-shot stance detection task, 
along with a comparison to other baselines. The results demonstrate that our method exhibits 
excellent performance in this task, with a performance improvement of 8.4% over the current best 
result on the VAST dataset. Although our method did not achieve state-of-the-art (SOTA) results 
across all metrics, its ability to come close to or surpass current SOTA algorithms indicates its 
significant value when applied to group polarization research. 

Model SEM16 P-Stance VAST 
- DT HC FM LA A CC Trump Biden Sanders All 

TOAD 49.5 51.2 54.1 46.2 46.1 30.9 53 68.4 62.9 41 
TGA Net 40.7 49.3 46.6 45.2 52.7 36.6 - - - 65.7 

BERT-GCN 42.3 50 44.3 44.2 53.6 35.5 - - - 68.6 
PT-HCL 50.1 54.5 54.6 50.9 56.5 38.9 - - - 71.6 
GPT-3.5 62.5 68.7 44.7 51.5 9.1 31.1 62.9 80 71.5 62.3 

GPT-3.5+COT 63.3 70.9 47.7 53.4 13.3 34 63.9 81.2 73.2 68.9 
COLA 68.5 81.7 63.4 71 70.8 65.5 86.6 84 79.7 73 
Ours 74.4* 81.9 70.3* 75.8* 76.9* 70.7 87.9 83.2 86.2* 81.4* 

Table 3. Comparison of our method and baselines in zero-shot stance detection task, all values are 
percentages. Bold refer to the best performance. ‘*’ denotes our method improves the best baseline at p < 

0.05 with paired t-test 

Limitations and future works 
A major limitation of this study is the lack of a widely accepted quantitative definition of group 
polarization, which hinders the development of standardized benchmarks and affects the rigor of 
our experiments. Additionally, while our proposed CSN framework, as a temporal dynamic graph, 
has potential for modelling the evolution of group polarization using graph neural networks (GNNs), 
the absence of benchmarks limits further exploration. Future work should prioritize establishing 
standardized definitions and benchmarks to enable more rigorous experimentation and predictive 
modelling. 

Conclusion 
In this paper, we discussed the shortcomings of current group polarization measurement 
approaches and proposed our multi-agent and graph-based measurement scheme. Our solution 
innovatively introduces a large language model-based multi-agent system into the measurement 
of group polarization and utilizes the community sentiment network (CSN) to represent the 
polarization state. Additionally, we provided a metric (community opposition index) for calculating 
polarization levels using the CSN, allowing the polarization state to be quantified. Finally, we tested 
our multi-agent system through a zero-shot stance detection task, and the results demonstrated 
its usability and value. 
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