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ABSTRACT: This study demonstrates a novel integration of large language models, machine learning, and multi-
criteria decision-making to investigate self-moderation in small online communities, a topic under-explored compared
to user behavior and platform-driven moderation on social media. The proposed methodological framework (1) utilizes
large language models for social media post analysis and categorization, (2) employs k-means clustering for content
characterization, and (3) incorporates the TODIM (Tomada de Decisão Interativa Multicritério) method to determine
moderation strategies based on expert judgments. In general, the fully integrated framework leverages the strengths of
these intelligent systems in a more systematic evaluation of large-scale decision problems. When applied in social media
moderation, this approach promotes nuanced and context-sensitive self-moderation by taking into account factors such
as cultural background and geographic location. The application of this framework is demonstrated within Facebook
groups. Eight distinct content clusters encompassing safety, harassment, diversity, and misinformation are identified.
Analysis revealed a preference for content removal across all clusters, suggesting a cautious approach towards potentially
harmful content. However, the framework also highlights the use of other moderation actions, like account suspension,
depending on the content category. These findings contribute to the growing body of research on self-moderation and
offer valuable insights for creating safer and more inclusive online spaces within smaller communities.
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1 Introduction
Social media platforms have become an integral part of people’s daily lives, enabling them to connect,

share, and create content [1]. These platforms, including Twitter, Facebook, blogs, and others, offer users
avenues to share user-generated content (UGC), such as their thoughts, experiences, and emotions, and
interact with a broader online community through posts, tweets, shares, likes, and reviews [2]. User-
generated content is the lifeblood of social media, driving engagement and shaping how people communicate
and interact online. The accessibility and convenience of social media platforms have significantly impacted
the way people communicate, access information, and share UGC in today’s digital age [3]. However, the
increase in the usage of social media platforms and the very notion of freedom of expression exercised in
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several democracies have also brought forth a range of challenges that can have adverse effects on users. These
challenges include concerns about the quality of content, harmful online communications, and psychological
or mental impacts on users [4,5]. As Internet usage continues to increase, so does the amount of personal
information and data that is made available online, which can be out of one’s control [6]. The quality of
content on these platforms is also a major concern, given the ease with which false or misleading information
can be disseminated [4].

Users often rely on social media as a source of information, but the lack of regulation and fact-
checking on these platforms raises concerns about the accuracy and reliability of the information shared [7,8].
In fact, during the COVID-19 pandemic, 80% of users encountered fake news about the outbreak, with
social media companies removing 7 million fake news stories, 9 million pieces of content promoting
extremist organizations, and 23 million instances of harmful online communication [9]. Additionally,
harmful online communications such as cyberbullying, hate speech, and trolling have become prevalent on
most platforms [5]. These actions can have a detrimental impact on the mental well-being of individuals who
experience such negativity [9]. Furthermore, the psychological and mental impacts of social media usage
have been a growing concern. Studies have shown that excessive use of social media is associated with lower
psychological well-being. Such symptoms include increased feelings of loneliness and depression, reduced
self-esteem, and heightened levels of anxiety. These symptoms are particularly concerning for young adults,
who may already be experiencing mental health difficulties.

Another concern related to the impact of social media on mental health is the issue of body image
problems, eating disorders, and self-esteem issues, especially among young women. Exposure to images
promoting unrealistic body ideals can contribute to negative body image and an increased risk of developing
eating disorder behaviors such as anorexia nervosa or bulimia. Thus, the bidirectional relationship between
social media usage and psychological well-being suggests that these platforms can exacerbate mental health
issues in vulnerable individuals. Additionally, social media platforms provide easy access to content related to
suicide and self-harm, which can be particularly harmful to individuals who are already experiencing mental
health difficulties. The availability and accessibility of such content can potentially increase the risk of suicidal
thoughts and behaviors among vulnerable individuals. Furthermore, the impact on mental health can also
be indirect. For example, excessive use of social media can lead to decreased physical activity, as individuals
spend more time online and less time engaging in physical activities. This harmful online behavior and
communication can contribute to poor physical and mental health concerns [10,11]. As a result, users and
institutions need to understand the implications of harmful online communication and the role of social
media to navigate this ever-evolving digital landscape responsibly and effectively.

Thus, the agenda of mitigating harmful online communication and its adverse impacts on users’ well-
being has become a prominent topic of discussion in the literature. One of the solutions that various
studies have explored is the role of government and the enforcement of legislation, such as the inclusion of
cyberbullying in the general anti-bullying laws (e.g., the Philippine Republic Act No. 10627) [12,13]. However,
several studies have emphasized the greater role that private entities play, as they have the decisive power
of intervention and the responsibility to provide a safe online environment for social media users [10,14].
They can perform counteractions such as deleting posts or blocking the user who developed them, a process
known as content moderation.

1.1 Motivation of the Study
Content moderation refers to assessing UGC published on social media sites and determining whether

to retain or remove it [15]. Given the vast amount of UGC across various platforms, developing a type
of content moderation that matches the scale of these platforms is of paramount significance [9]. Recent
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progress in artificial intelligence (AI), increased computational power, and enhanced capacity to manage
vast amounts of data have paved the way for automating the detection of online content. The current
automated systems, which utilize machine learning and deep neural networks to detect and classify harmful
content, have considered accuracy, precision, and recall as performance metrics [9]. However, despite these
advances, various studies have emphasized the importance of human moderation, especially in the context of
hate speech, where perceptions of objectionable language vary depending on the user, geographic location,
culture, and historical context (e.g., [9,16]). In particular, there has been limited exploration into content
moderation within smaller communities (e.g., web communities, Facebook pages), especially in the context
of developing economies where the dynamics of online interaction and community management may differ
significantly from those in more established digital landscapes. Furthermore, manual moderation (e.g., self-
moderation) within small online communities, where community members decide on content moderation
and policy, remains a primary and more affordable alternative [17,18]. However, disagreements and biases
may arise within these contexts regarding the effectiveness and fairness of self-moderation [9,19]. Factors
such as power dynamics within the community, cultural norms, and individual biases can influence decisions
on what content is deemed acceptable or objectionable [20]. These factors can lead to tensions and conflicts
within the community, potentially undermining the effectiveness of self-moderation efforts and highlighting
the need for further research and understanding in this area. Accordingly, within the context of small online
communities, an effort to systematically identify self-moderation actions appropriate to the characteristics
inherent in sensitive social media content is lacking, which essentially forms the gap in the literature that this
work intends to bridge. This methodological outlook, particularly for self-moderation efforts prominent in
small online communities, has not been thoroughly explored in previous studies.

1.2 Research Questions
In light of the gap outlined above, this study develops a methodological framework for self-moderation

actions of sensitive social media content by answering the following research questions (RQs):
(RQ1): How can sensitive content on social media be systematically categorized into general types?
(RQ2): Building on the general types of sensitive content, how can they be characterized to capture their

specific forms on social media?
(RQ3): From the resulting clusters of content with multiple underlying characteristics, how can self-

moderation actions be appropriately identified?

1.3 Contributions of the Study
In light of the identified gap in the literature, this study presents a methodological framework grounded

in expert systems and large language models (LLMs) that can inform self-moderation efforts of small online
communities. The proposed framework consists of the following interrelated actions, which form the main
advances from existing methods on self-moderation:

1. extracts types of sensitive content from social media posts,
2. uses LLMs to extract categories that represent a collective description of similar types from a vast number

of sensitive content types,
3. employs LLMs to evaluate the degree to which a large number of social media posts fit the extracted

categories in action (2),
4. performs characterization to create clusters with defined attributes, and
5. determines the moderation decisions for each cluster of social media posts.



4 Comput Mater Contin. 2026;86(1)

Actions (1) to (3) employ LLMs in defining categories of social media posts through text analysis as
they are powerful tools used to process, understand, and derive insights from large volumes of unstructured
text data, enabling tasks such as sentiment analysis, topic modeling, and semantic search [21]. Thus, LLMs
are becoming increasingly popular in academia and industry due to their exceptional performance across
various applications (e.g., [22–23]), making it crucial to evaluate their impact not only on specific tasks but
also on society as a whole, to better understand potential risks.

Action (4) characterizes social media posts based on their contextual sensitivity, which is crucial for
refining moderation strategies, addressing specific types of harmful content in varied contexts, combating
misinformation and hate speech, and promoting a safer, inclusive online space within communities. In
this study, the characterization process is viewed as a clustering problem, where clustering serves as a
technique to group observations, data points, or feature vectors that share common characteristics [24]. In
the literature, various clustering methods have been deployed. One of the most prominent methods is the
k-means clustering algorithm, considered one of the simplest, non-supervised learning algorithms [25]. The
algorithm partitions through iterative steps until it reaches a local minimum [26]. It offers several advantages
over alternative clustering methods, notably its simplicity, robustness, and high efficiency [27]. Due to these
advantages, several studies in the literature have employed this method across various domains, including
education, tourism, agriculture, and manufacturing, among others. Note that this list is not intended to
be comprehensive. A recent review of the application of the k-means algorithm was presented by Ikotun
et al. [28].

Action (5) determines the moderation decision of the categories defined by the clustering method,
which can be viewed through the lens of a multi-criteria decision-making (MCDM) problem, as it requires
inputs from decision-makers in the decision-making process. This particular component of the proposed
methodological framework advances the domain literature by incorporating expert judgments associated
with their geographic, cultural, and historical make-ups, which may be more defined in smaller online
communities. A comprehensive overview of the current state of this field is provided by Sahoo and
Goswami [29]. Today, MCDM tools are crucial for solving numerous real-world decision-making problems
that require the consideration of various criteria. Among the MCDM tools, the TODIM (Tomada de Decisão
Interativa Multicritério) method, introduced by Gomes and Lima [30], distinguishes itself as a widely used
discrete approach by incorporating group utility and individual regret—factors often neglected in traditional
MCDM methods—making it suitable for both quantitative and qualitative criteria. The TODIM method
utilizes a value function within the framework of prospect theory to determine the dominance degree of
each alternative over the others with respect to various criteria. It is noteworthy that in recent years, the
application of the TODIM method has gained prominence. Thus, in the context of this work, the attributes
of the defined clusters, derived from the k-means algorithm, are taken into account to determine the type
of moderation initiatives (considered alternatives) that should be implemented in each cluster. Due to
the non-compensatory nature of the attributes, the TODIM method is deemed suitable for evaluating the
moderation initiatives.

Succinctly, the proposed framework, which integrates LLMs, machine learning, and MCDM, provides
a novel approach to characterizing UGC (i.e., social media posts) on various Facebook online communities
into clusters and determining moderation decisions for these clusters based on their underlying attributes,
thereby collectively contributing to the literature on self-moderation of small online communities.

The rest of the paper is structured as follows. Section 2 discusses the related literature on the integration
of AI into MCDM methods and their applications across various domains, while Section 3 presents the
preliminary concepts of the k-means clustering algorithm and the TODIM method. Section 4 outlines the
methodology of the proposed approach, while Section 5 presents the results of the analysis. Limitations
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of the study and the associated future work are outlined in Section 6. Finally, Section 7 presents some
concluding remarks.

2 Literature Review
This section reviews the integration of AI into MCDM methods and their applications across vari-

ous domains. In a rapidly modernized society, decision-making becomes increasingly complex. Various
environmental and societal issues have emerged, but several related policies, priorities, goals, and socio-
economic trade-offs remain unexplored [31]. Moreover, technological advancements continually introduce
new capabilities across various fields, including manufacturing systems, information technology, education,
and engineering [32,33]. Thus, such a challenging environment requires advanced tools and techniques
to support decision analysis. In particular, MCDM methods are crucial for assisting decision-makers in
addressing complex issues that involve numerous conflicting objectives and criteria [34]. This decision-
making process is crucial in various fields, including manufacturing, education, engineering, healthcare,
and information technology, where choices must be made by weighing multiple, often conflicting, criteria.
In the context of social media, the prominent usage of MCDM techniques includes selection of social
media platforms (e.g., [35]), evaluation of factors affecting social media behavior (e.g., [36]), analysis
for factors for social media marketing strategies (e.g., [37]), and more recently, determining the level of
sensitivity of social media content (e.g., [38]). While this list is not exhaustive, Sahoo and Goswami [29]
provide a comprehensive review of MCDM applications and future directions across various domains. In
line with this, numerous MCDM methods have been developed and can be classified into compensatory
and non-compensatory methods. In compensatory methods, such as AHP (Analytic Hierarchy Process),
SAW (Simple Additive Weighting), and TOPSIS (Technique for Order of Preference by Similarity to Ideal
Solution), poor performance in one criterion can be offset by high performance in others. Conversely, in non-
compensatory methods, e.g., PROMETHEE (Preference Ranking Organization METHod for Enrichment of
Evaluations), ELECTRE (ELimination Et Choix Traduisant la REalité), and DRSA (Dominance-based Rough
Set Approach), significant poor performance in any criterion cannot be offset by high performance in others,
making each criterion independently critical.

The growing importance of MCDM techniques led to various integrations with other methods to
augment its utility. In particular, due to the emergence of data-driven decision-making in the literature,
the integration of MCDM and AI has become a prominent topic of discussion across various domains,
particularly with the growth and advancement of these fields in recent years. More recently, Galamiton
et al. [38] integrated MCDM and AI into their proposed overarching framework for predicting the intensity
of sensitive social media content. They deployed LLMs in populating the evaluation matrix as the primary
input for multi-criteria sorting—an MCDM problematique for sorting social media content into pre-ordered
categories of intensity. Subsequently, the LLM-generated evaluation matrix and the resulting category
assigned to each piece of content were used to train a prediction model, which was then deployed to a
relatively large dataset of social media content. Aside from the preceding studies in the domain literature,
various AI tools integrated into MCDM include machine learning algorithms, neural networks, genetic
algorithms, multi-agent systems, predictive analytics, and natural language processing.

Notably, natural language processing has demonstrated substantial potential when combined with
MCDM. Natural language processing tools facilitate the analysis of large volumes of textual data, extracting
valuable patterns and insights that can guide decision-making [39,40]. In the context of social media,
the common usage of natural language processing includes extracting feedback and reviews, providing
recommendation systems, prioritizing posts, and classifying posts (e.g., [41]), among others. Over the years,
large language models (LLMs) have become increasingly prominent and critical components of NLP. Models
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like OpenAI’s GPT-4, Google’s Gemini, Microsoft’s Copilot, and Meta AI have transformed the field by
offering advanced capabilities in comprehending and generating human language. As one of the most
commonly used LLM models, the usage and evaluation of GPT4 have become a prominent topic of discourse
in the literature. Its application and implications have been explored in various domains, including medicine,
education, business, cybersecurity, public health, and communication. Accordingly, the advantages of GPT
lie in its ability to streamline and enhance technology research by leveraging its extensive knowledge base
and advanced language processing capabilities to assist researchers in accessing information, analyzing data,
and identifying trends or challenges [42]. Furthermore, GPT4 can efficiently synthesize and summarize
relevant content, saving researchers time and effort while keeping them informed on the latest advancements.
In three NLP tasks related to sense disambiguation of acronyms and symbols, semantic similarity, and
relatedness, Liu et al. [43] evaluated the performance of LLMs, including GPT4. They found that LLMs
outperformed previous machine learning approaches, with an accuracy of 95% in acronym and symbol sense
disambiguation and over 70% in similarity and relatedness tasks. Oka et al. [44] supported this finding by
conducting experiments to determine whether LLMs can replicate human scoring tasks. Their results suggest
that human-model scoring achieves an inter-rater reliability of 0.63, which closely resembles the reliability
of human-human scoring, ranging from 0.67 to 0.70. Driven by a series of investigations, Thelwall [45]
communicated their observations by highlighting the capability of GPT4 in understanding and performing
complex text processing tasks, in which GPT4 produces plausible responses. Based on these advantages,
GPT4 can be a practical text analytics tool, particularly in evaluating a vast amount of text to generate trends,
classifications, or categories, subscribing to those demonstrated by Galamiton et al. [38].

3 Preliminaries
This section presents the preliminary concepts of the k-means algorithm and the TODIM method.

3.1 The k-Means Algorithm
The k-means clustering is a prominent technique in the literature for grouping data points into k

distinct clusters based on their common characteristics. The “centroid” of a cluster acts like its center point,
summarizing the cluster’s properties. As such, the k-means algorithm, as described by Forgy [46], is defined
as follows.
Definition 1: Considering a set of observations {a1 , a2, . . . , an} where each observation is represented as
a d -dimensional real vector, k-means clustering seeks to divide the n observations into k ≤ n clusters C =
{C1 , C2, . . . , Ck} to minimize the total within-cluster sum of squares (i.e., variance). The objective function is
defined as follows:

arg min
C

k
∑
i=1
∑

a∈Ci

(a − μi)2 = arg min
C

k
∑
i=1
∣Ci ∣Var Ci (1)

here, μi denotes the mean of the points in Ci . This is analogous to minimizing the squared deviations between
pairs of points within the same cluster, defined as:

arg min
C

k
∑
i=1

1
2 ∣Ci ∣

∑
a≠y∈Ci

(a − μi)T (μi − y) (2)

while the equivalence can be inferred from the identity presented as follows:

∑
a∈Ci

(a − μi)2 = ∑
a≠y∈Ci

(a − μi)T (μi − y) (3)
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3.2 The TODIM Method
Rooted in Prospect Theory, TODIM captures the decision-maker’s perception of gains and losses for the

evaluation of the alternatives. As such, the TODIM method, described by Gomes and Lima [30], is defined
as follows.
Definition 2: Let A = {A1 , ..., Am} be a finite set of alternatives and let C = {C1 , ..., Cn} be a finite set of criteria
in an MCDM problem. The evaluation steps of the traditional TODIM method are as follows:

Step 1. Construct an evaluation matrix. Determine the performance value i j of the different alternatives
Ai with respect to the criterion C j, and construct the evaluation matrix X = ( i j)m×n . Each criterion C j is
assigned a weight w j > 0, indicating its relative importance. The weight vector w = (w1 , ..., wn) is normalized
such that∑n

j=1 w j = 1.
Step 2. Calculate relative weights. For each j ∈ {1, . . . , n}, calculate the relative weight of the criterion

C j to reference criterion Cr , represented as w jr , which is computed as follows:

w jr =
w j

wr
(4)

The reference criterion Cr is typically chosen as the criterion with the highest weight, i.e., wr =
max j∈{1, . . . ,n}w j.

Step 3. Calculate dominance degree. For each i , i′ ∈ {1, . . . , m}, calculate the dominance degree of the
alternative Ai over alternative Ai′ with respect to the criterion C j using the following function:

ϕ j (Ai , Ai′) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩



���w jr ( i j − i′ j)

∑n
j=1 w jr

, if i j > i′ j

0 , if i j = 0

−1
θ



���(∑

n
j=1 w jr) ( i′ j − i j)

w jr
, if i j < i′ j

(5)

where θ > 0. This parameter determines the effect of the losses (i.e., when i j < i′ j). If θ > 1, the losses are
attenuated; if θ < 1, the losses are amplified. This parameter enables decision-makers to rank alternatives
based on their gains and losses.

Step 4. Obtain the overall dominance degree. For each i, i′ ∈ {1, . . . , m}, calculate the overall dominance
degree of the alternative Ai over alternative Ai′ , which is represented as follows:

ϕ (Ai , Ai′) =
n
∑
j=1

ϕ j (Ai , Ai′) . (6)

Step 5. Normalize the overall performance. For each i ∈ {1, . . . , m}, calculate the normalized overall
performance of alternatives Ai , with a formulation described in the following:

ξ (Ai) =
ϕ (Ai , Ai′) − min

i∈{1, . . . ,m}
ϕ (Ai , Ai′)

max
i∈{1, . . . ,m}

ϕ (Ai , Ai′) − min
i∈{1, . . . ,m}

ϕ (Ai , Ai′)
(7)
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Step 6. Rank the alternatives. The alternatives are evaluated according to the values ξ (Ai). Hence, the
weak order on A is defined by:

Ai ≽ Ai′ ⇐⇒ ξ (Ai) ≥ ξ (Ai′) (8)

4 Methodology
This section presents the case study environment, data collection, and the proposed methodological

framework for characterizing social media posts from various Facebook online communities into clusters
and determining moderation decisions based on their underlying characteristics. The application of the
proposed methodological framework is detailed in Fig. 1.

Figure 1: The proposed methodological framework

4.1 Case Study Environment
In the vast and diverse landscape of social media, public academic Facebook groups serve as pivotal hubs

for knowledge dissemination, collaboration, and community engagement among stakeholders, including
scholars, researchers, and students [47]. These groups harness the power of UGC to foster discussions,
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share insights, and build professional networks within specific academic domains. However, alongside the
benefits of such platforms come significant content moderation challenges that demand nuanced approaches
to maintaining a constructive and safe online environment [48,49].

This case study examines the operations of a public academic Facebook group established to facilitate
scholarly discourse and knowledge sharing. The Facebook group currently has over 5000 followers, with
an average of more than 20 weekly posts, and the majority of members, approximately 98%, are Filipinos.
Members share research findings, current local and global academic news, and personal perspectives
concerning university operations. Serving as a vibrant hub for academic discussions, sharing research
insights, and seeking advice, the group faces increasing complexities due to its growing global audience and
expanding UGC. The critical tasks are ensuring content quality, preventing misinformation, and managing
harmful online communications. The research team tackles these challenges by leveraging a methodological
framework integrating LLMs for text analysis. This approach helps identify sensitive content types, categorize
posts based on their contextual sensitivity, and employ MCDM tools, such as the TODIM method, to
determine appropriate moderation actions for each cluster with associated characteristics.

By combining AI-driven insights with human expertise, the group aims to enhance user experience,
foster meaningful discussions, and mitigate the negative impacts of harmful online behaviors within its
community, contributing to a safer and more productive digital space for academic discourse.

4.2 Application of the Proposed Methodological Framework
This section outlines a comprehensive approach to moderating sensitive content on social media. Phase

I employs GPT4 to extract and categorize sensitive content in social media posts. Phase II utilizes k-means
clustering to form clusters with specific characteristics. Phase III determines the appropriate moderation
decisions for each cluster using the TODIM method.

Phase I consists of actions (1) to (3) defined in Section 1.3 that identify types of sensitive content in social
media posts, utilize LLMs to derive categories that collectively describe similar types from a wide array of
sensitive content types, and apply LLMs to assess how well a large volume of social media posts align with
the defined categories. Phase II conducts characterization to form clusters with specific attributes through
the k-means algorithm, while Phase III determines the moderation actions for each cluster of social media
posts using the TODIM method. The steps of the three phases are detailed as follows.

Phase I. Employs GPT4 to identify and categorize sensitive content in social media posts.
Step 1. Identify the types of sensitive content. In this step, 52 Facebook posts containing sensitive

content were randomly selected from Facebook posts under various discussion topics. Box 1 presents the
generalized prompt fed into GPT4. The 52 randomly selected Facebook posts are shown in Table S1 of the
Supplementary Materials.

Box 1: Generalized prompt for extracting types of sensitive content.

Please extract the types of sensitive content from the following post:
[Insert social media post]
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For instance, using the following social media post:

Please extract the sensitive content from the following post:
“Our post recently that deals with LGBTQ+ Community and against
Sogiebill have been removed by facebook.
But we assure of this to them..No one is able to remove the
truth that is in us, the elect, for the Word of God will stand forever! Amen. (1Ptr.1:25)
No wonder, truly, we live in a day when people speak biblical truth is
considered a HATE SPEECH–even among those who profess Christ. ”

GPT4 generates the following response.

“This message touches on a contentious issue involving the intersection of freedom of speech, religious
beliefs, and LGBTQ+ rights. Here are the sensitive elements it encompasses:
1. **Content Removal**: The post starts by noting that a previous message, which was critical of legis-
lation related to LGBTQ+ rights (specifically mentioning the SOGIE Bill), was removed from Facebook.
This raises questions about social media policies on content moderation and the balance between free
expression and protection against hate speech.
2. **Expression of Belief**: The author asserts their commitment to what they perceive as the ““truth””
based on their religious convictions, emphasizing the permanence of their beliefs despite the removal of
their post.
3. **Conflict Between Beliefs and Modern Sensibilities**: The message suggests a tension between
expressing certain biblical interpretations and current societal norms regarding hate speech, particularly
concerning LGBTQ+ issues.
4. **Citation of Scripture**: By quoting 1 Peter 1:25, the author grounds their argument in religious scrip-
ture, framing their perspective as not just personal opinion but as a matter of divine principle.
5. **Critique of Contemporary Discourse**: The statement implies a critique of contemporary discourse,
suggesting that what they consider to be the expression of biblical truth is often labeled as hate speech,
including by some within the Christian community.
This content is sensitive due to its engagement with complex and highly divisive topics, including the
interpretation of religious texts in public discourse, LGBTQ+ rights, and the parameters of hate speech.
The viewpoints expressed reflect the broader global debate over how societies balance freedom of speech
with the protection of individuals from discrimination and harm.”

Using the sample prompt in Box 1, a list of 227 types of sensitive content was generated, as shown in
Table S2 of the Supplementary Materials.

Step 2. Derive categories of the types of sensitive content. From the 227 types obtained in Step 1, Box 2
represents the prompt fed in GPT4, wherein nine unique categories were generated that collectively describe
similar types of sensitive content. This compact list of categories prevents redundancy and ensures a more
streamlined and efficient categorization process, facilitating better analysis and management of the sensitive
content types identified. The list of categories and their corresponding brief description is shown in Table 1.
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Table 1: Categories of sensitive content

Category Name Brief description
Category 1 Safety and legal issues Social media posts that raise various concerns that

can pose significant threats to the well-being and
security of users. It includes alerts and warnings

related to potential dangers and legal ramifications.
Category 2 Harassment and abuse Posts that inflict harm, intimidation, or discomfort

upon individuals or groups. These posts often
violate community guidelines and can have serious
negative effects on the well-being and mental health

of users.
Category 3 Health, well-being, and

public concerns
Posts that raise awareness or discuss topics related
to physical and mental health, safety, and broader

societal issues that may impact individuals’
well-being. While these posts aim to inform, they

may also evoke negative emotions or concerns
among users.

Category 4 Social and political discourse Discussions, debates, and critiques related to
political, social, and cultural issues. While it

provides a platform for expression and exchange of
ideas, this category also includes content that may
have a negative impact on users’ well-being due to

its contentious nature and potential for conflict.
Category 5 Personal experiences and

impacts
Social media posts that share deeply personal and
distressing experiences, often having a detrimental
effect on the well-being of both the sharer and the

audience. This category reflects the challenging
aspects of online interactions, where individuals
may encounter or disclose traumatic events or

emotional struggles.
Category 6 Diversity and rights

advocacy
Social media posts that may perpetuate stigma

against diverse groups and negatively impact their
well-being and rights.

Category 7 Misinformation and
communication

Various forms of communication that can have
detrimental effects on users’ well-being, leading to

confusion, anxiety, and potential harm.
Category 8 Ethical and business conduct Social media posts that may have detrimental

effects on users’ well-being, violate ethical
standards, or contravene business regulations.

Category 9 Expressions and public
engagement

Posts that may perpetuate public shaming and
ungrounded accusations, leading to harmful
consequences and undermining constructive

discourse.
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Box 2: Generalized prompt for creating clusters from the generated sensitive content.

Create clusters of the following types of sensitive content:
[Insert sensitive content types]

Step 3. Evaluate Facebook posts. In this step, 502 Facebook posts containing sensitive content were
obtained randomly. Using the generated categories from Step 2, 502 Facebook posts were evaluated using the
sample prompt in Box 3. Evaluation scores measuring the degree to which each post fit the corresponding
categories were generated and are presented in Table S3 of the Supplementary Materials.

Box 3: Generalized prompt in evaluating Facebook posts containing sensitive content.

Given these categories:
[Insert the categories defined in Table 1]
From 0.000 to 1.000, 0.000 being the lowest and 1.000 being the highest, please rate the degree to which
the following post demonstrates the provided categories, and generate a table indicating the scores:
[Insert Facebook post]

Phase II. Clustering using the k-means algorithm.
Step 4. Execute k-means clustering and determine the characteristics of the clusters. Using the equiva-

lent crisp dataset from Step 3, k-means clustering was carried out to determine the clusters of posts and their
corresponding characteristics. In RapidMiner R© version 9.9, the Clustering (k-means) operator was applied
to process the crisp dataset, with details found in the Supplementary Materials. Given Fig. 2, the lowest value
of the Davies Bouldin Index was chosen to set the parameter k = 8. The maximum iterations are set to 100,
Numerical Measures are chosen as the measure type, Euclidean distance is selected as the numerical measure,
and the maximum optimization steps are set to 100. The generated clusters are presented in Table 2, along
with the names and descriptions of the clusters identified by the research team, which performed oversight
evaluations on the k-means clustering results. Group discussions in two separate sessions were conducted to
finalize the list of clusters.
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Figure 2: Davies Bouldin Index at various k values



Comput Mater Contin. 2026;86(1) 13

Table 2: Clusters of sensitive social media posts

Cluster Name Brief description Characteristics
Cluster 0 Contentious They are likely to

cause
disagreements,

debates, or conflicts
due to their

controversial
nature. It implies
that the content is
prone to provoke

strong reactions and
disputes among

different groups or
individuals.

Extremely high
level of diversity

and rights concern

Very high level of
harassment and

abuse

Very high level of
social and political

discourse

Cluster 1 Bland They are
unremarkable, dull,

and lacking in
stimulating or

interesting qualities.
It is often seen as
unengaging and

uninspiring.

Low level of
diversity and rights

concern

Low level of safety
and legal issues

Low level of
personal experience

and impacts

Cluster 2 Benign They are typically
gentle, harmless,
and unlikely to

cause any negative
reactions. They are
safe and pose no

threat or
controversy.

Low level of
harassment and

abuse

Low level of
misinformation and

communication

Low level of safety
and legal concerns

Cluster 3 Problematic They refer to
material that raises
significant issues or
concerns due to its
nature or impact.
They often involve
ethical dilemmas

and
misinformation,
and can lead to

confusion or
disputes.

Extremely high
level of ethical and
business concerns

Very high level of
misinformation and

communication

Low level of
diversity and rights

concern

Cluster 4 Abusive They are
characterized by

their harmful
impact on

individuals through
harassment or
mistreatment,
posing serious
safety and legal

concerns.

Very high level of
harassment and

abuse

Low level of ethical
and business

concerns

High level of safety
and legal issues

Cluster 5 Neutral They are generally
balanced,

uncontroversial,
and do not provoke
strong reactions or

conflicts.

Low level of safety
and legal issues

Low level of
diversity and rights
advocacy concerns

Low level of
harassment and

abuse

(Continued)
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Table 2 (continued)

Cluster Name Brief description Characteristics
Cluster 6 Engaging They draw

significant attention
and contribute to a

negative online
environment, often
amplifying harmful

behaviors or
sentiments.

Very high level of
social and political

discourse

High level of
diversity and rights
advocacy concerns

Low level of safety
and legal issues

Cluster 7 Risk-laden They have the
potential to cause

harm, whether
physically, legally, or
in terms of broader

societal impact.

Very high level of
safety and legal

issues

Low level of
harassment and

abuse

High level of health,
well-being, and
public concerns

Phase III. Ranking of moderation decisions using the TODIM method.
Step 5. Construct the evaluation matrix. Evaluation matrix for each cluster k, k = 0, 1, . . . , 7, denoted

by Xk = ( k
i j)m×n

was constructed through the judgments elicited from a focus group discussion. The
focus group consists of two moderators. Moderator 1 is a university instructor currently managing three
Facebook community pages: a religious organization in Cebu since 2018, an unofficial information page
of a state university since 2019, and a local radio station since 2017. Moderator 2 is a university instructor
and a Facebook page moderator with eight years of experience, working with academic community groups,
local government units, the annual event page, and the official school page. GPT4 provided a list of the
most commonly used moderation decisions on social media platforms using the prompt defined in Box 4
and provided in Table 3. These moderation decisions are considered alternatives, while the attributes of the
clusters are defined using the k-means algorithm, as described in Phase II.

Table 3: Moderation decisions

Moderation
decisions

Brief description

Content removal This is the most direct form of moderation, where posts that violate the
platform’s rules are removed. Reasons for removal can include hate

speech, harassment, explicit content, misinformation, and threats of
violence.

Content demotion Platforms may demote content that is not explicitly against the rules
but could be considered offensive or misleading. This reduces the
content’s visibility, limiting its reach without removing it entirely.

Account
suspension

Users who repeatedly violate community standards may have their
accounts temporarily suspended. The length of suspension can vary

based on the severity of the violation and the user’s history of
infractions.

Permanent bans In severe cases, such as when a user continually spreads harmful
misinformation, engages in hate speech, or promotes violence,

platforms may permanently ban the user from using their services.

(Continued)
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Table 3 (continued)

Moderation
decisions

Brief description

Warning labels Some platforms apply warning labels to content that is controversial or
sensitive but does not necessarily breach their policies. This might
include false information where the platform provides additional

context rather than removing the content.
Age restrictions Certain content may not be suitable for all ages due to its sensitive

nature. Platforms may restrict such content to users who are above a
certain age.

Shadow banning Also known as ghost banning, this involves limiting a user’s content
visibility without notifying them. The user’s post might not appear in

search results or on feeds, drastically reducing their reach.
Appeals process Users can typically appeal moderation decisions if they believe their

content was unfairly moderated. This process allows for a review and
possible reversal of the decision.

Box 4: Generalized prompt in determining the list of moderation decisions for social media posts.

Different moderation punishment for social media sensitive content
[Insert sensitive content types]

Step 6. Determine the weights of the cluster characteristics using GPT4. First, each cluster was defined
by providing a cluster name and its corresponding brief description, outlining its characteristics, using the
prompt provided in Box 5.

Box 5: Generalized prompt in defining the name of each cluster.

How do you define in one word the sensitive content with the following characteristics:
[Insert the characteristics of the Cluster 3]

Then, in generating the brief description of each cluster, the prompt detailed in Box 6 was fed into GPT4.
The details of each cluster are provided in Table 2.

Box 6: Generalized prompt for defining each cluster.

Define [generated cluster name].

Lastly, using the sample prompt in Box 7, the weights, denoted as w j, for the characteristics of a cluster
are defined and illustrated in Table 4.
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Table 4: Relative weights of the attributes of each cluster

Cluster Attribute w j w jr Cluster Attribute w j w jr

Cluster 0
Attribute 01 0.4 1

Cluster 4
Attribute 41 0.5 1

Attribute 02 0.4 1 Attribute 42 0.3 0.6
Attribute 03 0.2 0.5 Attribute 43 0.2 0.4

Cluster 1
Attribute 11 0.4 1

Cluster 5
Attribute 51 0.4 1

Attribute 12 0.4 1 Attribute 52 0.3 0.75
Attribute 13 0.2 0.5 Attribute 53 0.3 0.75

Cluster 2
Attribute 21 0.4 1

Cluster 6
Attribute 61 0.4 1

Attribute 22 0.3 0.75 Attribute 62 0.4 1
Attribute 23 0.3 0.75 Attribute 63 0.2 0.5

Cluster 3
Attribute 31 0.4 1

Cluster 7
Attribute 71 0.4 1

Attribute 32 0.4 1 Attribute 72 0.2 0.5
Attribute 33 0.2 0.5 Attribute 73 0.4 1

Box 7: Generalized prompt in determining the weights of each attribute of the eight clusters.

What weight we must assign to the three characteristics of [insert the output of Box 5]. Total weights
of the three characteristics should be equal to 1?
[Insert the characteristics of the output of Box 5]

Step 7. Calculate the relative weights of the cluster’s characteristics. The relative weights of each cluster
attribute are obtained using Eq. (4). The result is illustrated in Table 4.

Step 8. Compute the overall dominance degree. First, the dominance degree of one moderation decision
over the others is calculated using Eq. (5). Then, the overall dominance degree is calculated using Eq. (6),
and the results are provided in Table 5.

Table 5: Overall dominance degree of each decision moderation

Moderation Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7
Content removal 1.0000 0.7900 1.0000 1.0000 1.0000 1.0000 0.9094 1.0000

Content demotion 0.8772 0.9020 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Account suspension 0.6240 0.4416 0.8844 0.7514 0.9465 0.9324 0.7969 0.7012

Permanent bans 0.3970 0.4416 0.7493 0.8839 0.8888 0.8132 0.6693 0.6747
Warning labels 0.0000 1.0000 0.0000 0.0000 0.4309 0.5575 0.2288 0.2616
Age restrictions 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Shadow banning 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Appeals process 0.0000 0.0000 0.0000 0.0000 0.3680 0.0000 1.0000 0.2616

Step 9. Rank the moderation decisions. The moderation decisions are ranked based on their corre-
sponding normalized overall dominance degree, denoted ξ (Ai) as defined in Eq. (7). Here, the higher the
value of ξ (Ai), the more the decision moderation is preferred. The result is provided in Table 6 and further
illustrated in Fig. 3.
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Table 6: Ranking of the moderation decisions

Moderation Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7
Content removal 1 3 1 1 1 1 2 1

Content demotion 2 2 4 4 6 5 6 6
Account suspension 3 4 2 3 2 2 3 2

Permanent bans 4 4 3 2 3 3 4 3
Warning labels 5 1 4 4 4 4 5 4
Age restrictions 5 6 4 4 6 5 6 6
Shadow banning 5 6 4 4 6 5 6 6
Appeals process 5 6 4 4 5 5 1 4
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Figure 3: Illustration of the moderation decisions ranking

4.3 Comparative Analysis
This section presents a comparative analysis to illustrate the performance of TODIM in comparison to

other MCDM methods (i.e., ELECTRE II, PROMETHEE II, and TOPSIS) in ranking moderation decisions
for the defined clusters of sensitive content, using the same priority weights for each characteristic per cluster
(see Table 4). For brevity, the algorithms of other MCDM ranking methods are not discussed in this section.
A comprehensive discussion of the algorithms is provided by Roy and Bertier [50] for ELECTRE II, Vincke
and Brans [51] for PROMETHEE II, and Hwang and Yoon [52] for TOPSIS. The ranking result of employing
these methods is shown in Fig. 4. The moderation decisions that rank first and last across the clusters remain
the same among the methods under consideration. For instance, in Cluster 0, the four methods agree that
Content Removal is the most appropriate moderation decision, while Shadow Banning, Age Restrictions,
Warning Labels, and Appeals Process are tied as the least appropriate.

Moreover, we used Spearman’s rank correlation coefficient to assess the consistency of the ranking
results across the different methods. The results revealed that the correlation between the rankings produced
by TODIM and those produced by ELECTRE II, PROMETHEE II, and TOPSIS was consistently above 0.90,
as presented in Table 7.
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Figure 4: Comparison among various MCDM ranking methods

Table 7: Spearman’s rank correlation coefficient among various MCDM methods

Moderation Method TODIM ELECTRE II PROMETHEE II TOPSIS

Cluster 0

TODIM 1.0000 1.0000 1.0000 1.0000
ELECTRE II 1.0000 1.0000 1.0000

PROMETHEE II 1.0000 1.0000
TOPSIS 1.0000

Cluster 1

TODIM 1.0000 1.0000 1.0000 1.0000
ELECTRE II 1.0000 1.0000 1.0000

PROMETHEE II 1.0000 1.0000
TOPSIS 1.0000

Cluster 2

TODIM 1.0000 1.0000 1.0000 1.0000
ELECTRE II 1.0000 1.0000 1.0000

PROMETHEE II 1.0000 1.0000
TOPSIS 1.0000

Cluster 3

TODIM 1.0000 1.0000 1.0000 1.0000
ELECTRE II 1.0000 1.0000 1.0000

PROMETHEE II 1.0000 1.0000
TOPSIS 1.0000

Cluster 4

TODIM 1.0000 0.9765 1.0000 1.0000
ELECTRE II 1.0000 0.9765 0.9765

PROMETHEE II 1.0000 1.0000
TOPSIS 1.0000

Cluster 5

TODIM 1.0000 0.9765 1.0000 1.0000
ELECTRE II 1.0000 0.9765 0.9765

PROMETHEE II 1.0000 1.0000
TOPSIS 1.0000

(Continued)
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Table 7 (continued)

Moderation Method TODIM ELECTRE II PROMETHEE II TOPSIS

Cluster 6

TODIM 1.0000 1.0000 1.0000 1.0000
ELECTRE II 1.0000 1.0000 1.0000

PROMETHEE II 1.0000 1.0000
TOPSIS 1.0000

Cluster 7

TODIM 1.0000 0.9648 0.9765 0.9765
ELECTRE II 1.0000 0.9413 0.9413

PROMETHEE II 1.0000 1.0000
TOPSIS 1.0000

The high Spearman’s rank correlation coefficients indicate a strong agreement between the rankings
of TODIM and those of ELECTRE II, PROMETHEE II, and TOPSIS. This result suggests that despite
the different methodological approaches and underlying algorithms compared to other MCDM ranking
tools, the proposed methodological framework is consistent and robust in identifying the most and least
appropriate moderation decisions within the identified clusters of sensitive content.

5 Results and Discussion
Examining the nature of social media posts is crucial for designing measures to address specific

problems, maintain digital order, protect individuals, and promote well-being. From randomly extracted
social media posts, GPT4 generates nine categories spanning several domains. Safety and legal issues provide
alerts and updates to protect public welfare, while measures addressing harassment and abusive posts work
to create safer digital spaces. Health, well-being, and public concerns cover mental and physical health
and substance abuse. Social and political discourse includes debates on current events and media criticism.
Personal experiences and impacts share stories to connect and inspire. Diversity and rights advocacy promote
equality and highlight issues of discrimination. Misinformation posts counter false information and educate
users, while ethical and business conduct focuses on corporate responsibility and accountability. Lastly,
expressions and public engagement foster cultural expression and community involvement. Due to the
multidimensionality of social media posts, these categories are used as bases for evaluating a large number
of social media posts to generate clusters with their corresponding characteristics. The k-means clustering
yields the heatmap illustrated in Fig. 5.

The analysis provided in Fig. 5 reveals that there are eight identifiable clusters, namely: Cluster 0 as
“contentious”, Cluster 1 as “bland”, Cluster 2 as “benign”, Cluster 3 as “problematic”, Cluster 4 as “abusive”,
Cluster 5 as “neutral”, Cluster 6 as “engaging”, and Cluster 7 as “risk-laden”. “Contentious” content is
characterized as having an extremely high level of diversity and rights advocacy (229.77% above average), a
very high level of harassment and abuse (151.12% above average), and a very high level of political discourse
(131.44% above average). Due to its controversial nature, this cluster is likely to spark disagreements, debates,
or conflicts and is prone to provoking strong reactions and disputes among various groups and individuals.
“Bland” content comprises a low level of diversity and rights advocacy (96.22% below average), a low level of
safety and legal issues (83.92% below average), and a low level of personal experiences and impacts (77.21%
below average). This cluster is perceived as unremarkable, commonly lacks stimulation or interest, and is
often deemed unengaging and uninspiring. “Benign” content encompasses a low level of harassment and
abuse (82.06% below average), a low level of misinformation and communication (77.31% below average),
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and a low level of safety and legal issues (75.63% below average). Characteristically, this cluster features
gentle and harmless content, unlikely to cause adverse reactions, and is safe, posing no threat or controversy.
“Problematic” content has an extremely high level of ethical and business concerns (237.81% above average),
a very high level of misinformation and communication (157.34% below average), and a low level of diversity
and rights advocacy (67.58% below average). It is firmly committed to integrity, transparency, and social
justice. Thus, it promotes ethical practices, ensuring the accuracy and clarity of information, advancing
equality and inclusivity, and often challenging unjust systems, thereby fostering a more informed and
equitable society. “Abusive” content consists of a very high level of harassment and abuse (159.62% above
average), a low level of ethical and business concerns (64.60% below average), and a high level of safety
(60.21% above average). The content of this cluster strongly advocates for justice, integrity, and accountability.
It is likely to actively highlight instances of misconduct, advocate for systemic changes to prevent harm,
and promote ethical business practices and legal compliance, aiming to foster a safer and more equitable
environment for all. “Neutral” content includes a low level of safety and legal issues (89.34% below average),
a low level of diversity and rights advocacy (88.77% below average), and a low level of harassment and abuse
(82.36% below average). This cluster would exhibit a strong commitment to social justice, inclusivity, and
accountability and is likely to actively raise awareness about various forms of mistreatment, advocate for
marginalized communities, promote legal protections, and push for systemic changes to create safer and
more equitable environments for all individuals. “Engaging” content encompasses a very high level of social
and political discourse (128.08% above average), a high level of diversity and rights advocacy (74.94% above
average), and a low level of safety and legal issues (62.89% below average). Thus, this cluster draws significant
attention and contributes to a hostile online environment, often amplifying harmful behaviors or sentiments.
Lastly, “risk-laden” content comprises a very high level of safety and legal issues (121.34% above average), a
low level of harassment and abuse (75.09% below average), and a high level of health, well-being, and public
concerns (57.57% above average). Consequently, content here can potentially cause harm, whether physically,
legally, or in terms of broader societal impact.

Figure 5: Heatmap of moderation strategies

The results of TODIM associate appropriate moderation actions for each cluster. For instance, in the
“contentious” cluster, content removal has the highest dominance degree among moderation strategies.
Hence, with the extreme extent of a violation (i.e., hate speech, harassment, explicit content, misinformation,
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and threats), content removal emerges as the most appropriate action, followed by content demotion, account
suspension, and permanent bans. For “bland” content, the most appropriate actions are warning labels,
followed by content demotion and removal. On the other hand, for “benign” cluster, content removal is the
most suitable moderation approach for content with extreme violations, followed by account suspension,
then permanent bans, leading to age restrictions, an appeals process, warning labels, and shadow banning,
with the minor action preferred. Moreover, the most appropriate actions for “problematic” content are
content removal, permanent bans, and account suspension, while the least suitable choices are the appeals
process, content demotion, warning labels, and shadow banning. Conversely, for “abusive content”, content
removal is the most suitable moderation, followed by account suspension and permanent bans; consequently,
minor action is taken with warning labels, an appeals process, shadow banning, and content demotion. In
contrast, the “neutral” cluster suggests that content removal would be the worst possible action, followed
by account suspension and permanent bans, while warning labels, an appeals process, age restrictions, and
content demotion are the least likely choices. In “engaging” content, the first action to be addressed in
worst-case scenarios is an appeals process, followed by content removal and account suspension. Meanwhile,
permanent bans, warning labels, content demotion, and shadow banning are the least likely choices.
Nevertheless, content removal is the most suitable course of action for “risk-laden” content in cases of
extreme violation, followed by account suspension and permanent bans. Warning labels, an appeal process,
content demotion, and age restrictions are the least severe options.

Concurrently, among the eight distinct clusters, six clusters, namely “contentious”, “benign”, “problem-
atic”, “abusive”, “neutral”, and “risk-laden”, opted for content removal as the dominant action for an extreme
violation. At the same time, the appeals process and shadow banning are consistently considered the least
minor course of action. Meanwhile, permanent bans, account suspensions, and warning labels are the neutral
course of action. The findings of this work have a practical contribution that can be embodied as a two-
step process. Content moderators in Facebook groups, for instance, can evaluate each post according to the
eight clusters of content identified in Phase II of the proposed framework. This process may involve a visual
checklist that compares the characteristics of a given post with those of the clusters. Once content moderators
can determine the appropriate cluster to which the post belongs, the findings in Phase III will offer guidance
on the corresponding moderation actions. With appropriate mechanisms in place, this two-step process can
be implemented in real-time, even in large datasets of social media posts. Meanwhile, a comparative analysis
reveals that these findings are consistent with those of comparable MCDM methods, such as ELECTRE II,
PROMETHEE II, and TOPSIS.

Finally, this work presents the first attempt to demonstrate a fully integrated framework that combines
LLMs, machine learning, and MCDM. This novel attempt offers a more nuanced approach to leveraging
the strengths of these intelligent systems in a systematic evaluation of decision problems, in general, and
in content moderation decisions, in particular. Our proposed approach makes the following contributions
within the domain of decision-making under multiple criteria. First, the decision elements (i.e., criteria
and alternatives) are identified using LLMs, which are deemed appropriate for highly complex problems
that require a more comprehensive list than human decision-makers may generate. Second, our approach
leverages the strength of LLMs in text analytics tasks, which incorporates nuances associated with their
extensive deep learning models pre-trained on vast amounts of data. When this capability is used to evaluate
multiple alternatives across various criteria, it captures the nuances that human decision-makers often find
difficult. In addition, the efficiency that LLMs offer in evaluating alternatives is extremely beneficial in large-
scale MCDM problems, where evaluations via human judgment are nearly impossible due to high cognitive
demands. Third, the sequential process of feeding an MCDM problem with results from machine learning
algorithms (i.e., k-means clustering) and LLMs is first reported in this work. The list of criteria is obtained
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by machine learning, while LLMs determine their corresponding weights. Overall, the integration of LLMs,
machine learning, and MCDM highlights a more systematic and efficient approach to complex, large-scale
decision-making problems.

6 Limitations of the Study and Future Research
This work is not free from limitations, like other existing studies. First, the use of GPT4 in tasks

associated with generating sensitive content types, categories of sensitive content, the evaluation of social
media posts under the different categories, and the identification of moderation strategies has potential
biases, detailed as follows:

(1) The massive training data of GPT4 contains historical, cultural, and societal bias, overrep-
resents Western or English-speaking perspectives, and underrepresents marginalized voices or
low-resource languages.

(2) GPT4 may also misclassify neutral or context-specific content as overly positive or negative, which can
lead to an underestimation of sarcasm, humor, or emotionally nuanced content.

(3) The responses of GPT4 may be susceptible to confirmation bias, amplifying patterns that frequently
appear in the training data, thereby reinforcing popular opinions or dominant narratives, even if they
seem inaccurate.

(4) Certain topics in social media posts considered in this work may be largely framed with a dominant
cultural lens (e.g., American-centric views), which may not be relevant in other cultural frames.

(5) GPT4 may misinterpret non-English or code-switched text, potentially affecting the evaluation of
social media posts across different categories.

Thus, the results of this work must be interpreted with caution in light of the aforementioned biases.
While the insights we outlined may apply to a Philippine-based Facebook group in the case study due to
the Western inclination of Philippine culture, the same may not be relevant in other cultures with different
municipal laws on free speech in place. Thus, when the proposed methodological framework is adopted
in future research, bias mitigation approaches such as human-in-the-loop validation, domain-specific fine-
tuning for the social media group under consideration, and incorporating diverse training datasets may
be implemented.

Second, the social media posts we extracted are those that comply with existing laws in the Philippines,
such as cybercrime laws. These may not exist if tighter laws are in place; hence, the generation of categories
and clusters is dependent on what the existing laws allow, making them context-dependent. Consequently, a
different collection of social media posts in other regions may yield different categories and clusters, as well
as associated moderation actions. Third, the moderation decisions identified for each cluster may depend
on the focus group discussions of two experienced moderators. Future work may extend the evaluation by
involving a larger group of moderators. Fourth, future research can expand the proposed methodological
framework to other social media platforms, such as Twitter, YouTube, and Instagram, to assess its adaptability
across different environments. Investigating the application of the framework to large datasets with imprecise
data will test its robustness and scalability. Fifth, the evaluation of social media posts under different
categories poses ambiguity and imprecision, which could be addressed by existing frameworks that handle
data ambiguity and precision. In this view, future work could integrate advanced fuzzy set extensions (e.g.,
intuitionistic fuzzy sets) to enhance the precision of content categorization and moderation. Lastly, real-time
moderation systems, cultural and regional impact studies, and the incorporation of user feedback will further
refine the framework.
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7 Conclusion
This study presents a novel methodological framework that augments self-moderation efforts within

small online communities such as Facebook groups created for academic purposes. It utilizes LLMs (i.e.,
GPT4) for content analysis and categorization, coupled with a k-means clustering algorithm to char-
acterize social media posts, and MCDM (i.e., TODIM) to determine appropriate moderation decisions
for each content cluster. By leveraging LLMs for text analysis and incorporating clustering algorithms
and expert judgments within the MCDM process, the proposed framework offers a more nuanced and
context-sensitive approach to self-moderation. This framework offers a promising solution for creating
safer and more inclusive online spaces within smaller communities, particularly in developing economies
where community dynamics and management may differ from those in established online landscapes.
Furthermore, the comparative analysis also shows that the proposed approach yields comparable results
with other MCDM tools (i.e., ELECTRE II, PROMETHEE II, TOPSIS). Although these insights may contain
idiosyncrasies, the findings from this study contribute to the growing body of research on self-moderation
in online communities.

In the implementation of the proposed methodological framework, the 227 types of sensitive content
determined by GPT4 can be grouped into nine categories: (1) safety and legal issues, (2) harassment and
abuse, (3) health, well-being, and public concerns, (4) social and political discourse, (5) personal experiences
and impacts, (6) diversity and rights advocacy, (7) misinformation and communication, (8) ethical and
business conduct, and (9) expressions and public engagement. From 502 social media posts evaluated under
the nine categories, eight distinct clusters of social media content were identified, including contentious,
bland, benign, problematic, abusive, neutral, engaging, and risk-laden content. With eight possible modera-
tion strategies elucidated by GPT4 (i.e., content removal, content demotion, account suspension, permanent
bans, warning labels, age restrictions, shadow banning, and appeals process), TODIM identifies the priority
moderation actions for each cluster. The analysis of moderation strategies revealed a clear preference for
content removal across all clusters. This finding suggests a cautious approach by the platform, prioritizing
the removal of potentially harmful content. However, the dominance scores assigned to other moderation
actions, like account suspension and permanent bans, highlight a nuanced strategy that adapts based on the
content cluster. These findings hold significant implications for social media platforms. By understanding
the types of content within each cluster and the most effective moderation approaches, content moderators
can create a more balanced online environment, one that ensures user safety while upholding freedom
of expression.
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