
International Journal of Communications, Network and System Sciences, 2026, 19(10), 145-153 
https://www.scirp.org/journal/ijcns 

ISSN Online: 1913-3723 
ISSN Print: 1913-3715 

 

DOI: 10.4236/ijcns.2026.1910010  Oct. 31, 2026 145 Int’l J. of Communications, Network and System Sciences 
 

 
 
 

The Impact of AI on Social Media:  
Enhancing Content Moderation  
and Combating Misinformation 

Andrew Mikhail Anthony1, Hitendra Chaudhary1, Olatunde Abiona1,2, Clement Onime2 

1Department of Computer and Mathematical Science, Indiana University Northwest, Gary, IN, USA 
2Information & Communication Technology Section, International Center for Theoretical Physics (ICTP), Trieste, Italy 

 
 
 

Abstract 
Social media platforms face a persistent challenge: they must identify harmful 
or misleading material across immense volumes of text, images, and video 
while protecting legitimate expression. This paper reviews the potential and 
limitations of artificial intelligence (AI) in content moderation and proposes 
a framework that combines automated detection, human review, transparent 
procedures, and ongoing evaluation. Natural language processing and com-
puter vision can help prioritize content for review, but errors, linguistic vari-
ation, bias, and rapidly changing misinformation tactics limit the reliability of 
automated decisions. The proposed framework routes ambiguous and conse-
quential cases to trained moderators, provides users with explanations and ap-
peals, and uses audits and feedback to improve performance. It is a conceptual 
proposal rather than an empirically validated system; future research should 
test its accuracy, fairness, and practical effects across languages and platforms. 
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1. Introduction 

Social media has expanded access to information and participation in public dis-
cussion. The same reach allows misleading claims and harmful content to spread 
quickly. Platforms must respond at a scale that human moderators alone cannot 
easily manage, yet removal decisions can also affect expression, privacy, and trust. 
Automated moderation therefore presents a governance problem as well as a tech-
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nical one [1] [2]. 
AI can screen large volumes of posts and identify patterns that warrant review. 

Its outputs depend on training data, platform rules, and context, and a mistaken 
classification may either leave harmful material online or remove legitimate speech 
[1] [3] [4]. This paper examines how AI supports moderation, where it falls short, 
and how human review and accountability can be built into a practical workflow. 
It synthesizes the cited literature and proposes a design for further evaluation; it 
does not report a deployed system or experimental results. 

2. AI and the Moderation Problem 
2.1. Detection and Prioritization 

Machine learning systems can classify text, images, and video, identify suspicious 
patterns of sharing, and rank potentially harmful posts for review [4]-[6]. Language 
models may help recognize policy violations in written content, while computer 
vision systems can identify relevant visual features. These tools can reduce the 
volume of material that moderators must inspect manually. Detection of a ques-
tionable claim, however, is different from establishing whether it is false: factual 
assessment often requires current evidence and an understanding of context. 

Platform examples illustrate both the promise and the limits of automation. 
Large services use automated signals to help manage content, but policy enforce-
ment still requires decisions about context, severity, and appropriate remedies [6] 
[7]. Rather than assume that every flagged post should be removed, a moderation 
system can use its confidence and the potential consequences of an error to decide 
which cases need human attention.  

2.2. Errors and Unequal Performance 

 

Figure 1. True and false positives and negatives (source: [9]). 
 

A false positive occurs when permissible material is incorrectly flagged; a false 
negative occurs when harmful material is missed. Satire, quotation, counterspeech, 
and changing meanings can complicate classification. Performance may also dif-
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fer across languages and communities when training data and evaluation sets do 
not adequately represent them [3] [4] [8]. Reporting only overall accuracy can 
obscure these differences. Evaluation should include precision, recall, appeal out-
comes, and error rates for relevant language and content groups. 

Figure 1 maps moderation outcomes by comparing a system’s decision with 
whether content actually violates policy. It highlights false positives and false neg-
atives, the two ways a classifier can make an incorrect decision. 

Figure 2 outlines a staged process for addressing algorithmic bias: test and im-
prove data in controlled settings, assess impacts and values, and monitor the sys-
tem after rollout. Feedback sends failures back for further review. 
 

 

Figure 2. Algorithmic bias (source: [10]). 
 

Adversaries may also alter wording, images, or patterns of distribution to evade 
detection. Models must be evaluated against emerging tactics without assuming 
that frequent retraining alone will solve the underlying problems [11]. Research 
on adversarial attacks in other AI domains points to the broader vulnerability, 
although results from those domains cannot be transferred directly to social me-
dia moderation [12]. 

2.3. Rights and Accountability 

Moderation decisions affect users’ ability to participate in public discussions. Plat-
forms should therefore state the rules they enforce, communicate the reasons for 
significant actions, and offer a meaningful way to challenge mistakes [13] [14]. 
Data collection for model training and behavioral analysis also raises privacy 
questions. A responsible system limits access to personal information, documents 
its purposes, and evaluates whether each data use is necessary. The precise legal 
obligations depend on jurisdiction and platform context. 

Figure 3 places accountability and transparency at the center of linked system 
modules, including prompts, tools, applications, communications, memory, 
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knowledge, and data. The diagram shows how oversight can connect these parts 
of an AI system. 
 

 

Figure 3. Accountability and transparency (source: [15]). 

3. Proposed Human and AI Moderation Framework 

The proposed framework has four connected components: automated triage, hu-
man review, accountable procedures, and continuous evaluation. It is designed to 
assign routine screening to AI while reserving contextual and consequential judg-
ments for people [11] [16] [17]. The framework specifies an approach for testing 
rather than claiming that these components already achieve particular outcomes. 
 

 

Figure 4. Proposed framework. 
 

Figure 4 summarizes the proposed framework’s four pillars: AI-powered mod-
eration, human-AI collaboration, ethical and transparent algorithms, and contin-

https://doi.org/10.4236/ijcns.2026.1910010


A. M. Anthony et al. 
 

 

DOI: 10.4236/ijcns.2026.1910010 149 Int’l J. of Communications, Network and System Sciences 
 

uous improvement. Together, they frame automated screening as one part of a 
broader oversight process. 

Figure 5 shows how a prompt and input data guide an LLM response, which 
an AI moderator checks for accuracy, risks, and policy compliance. Human re-
viewers add domain, ethics, security, and compliance judgment, with final ap-
proval when needed. The diagram depicts review of an LLM response, not the full 
social media moderation workflow for user posts or misinformation verification. 

 

 

Figure 5. Human and AI oversight model. 

3.1. Automated Triage 

An AI system first examines content for potential violations or misleading claims 
and records the relevant policy category and confidence estimate. Text and visual 
models can contribute to separate signals. A flagged post then moves through a 
tiered process: low-risk, well-supported cases may receive an appropriate auto-
mated action under documented rules; uncertain, high-impact, or disputed cases 
go to human reviewers. Any use of external evidence for fact checking must iden-
tify the source and account for how quickly information may change [5] [18]. 

3.2. Human Review and Appeals 

Moderators examine the original post, surrounding conversation, relevant cul-
tural or linguistic context, and applicable policy. They may confirm, reverse, or 
modify a proposed action. Training should address platform policy, bias, emerg-
ing misinformation tactics, and the limits of AI-generated explanations. Users 
should receive a clear reason for an action and an accessible appeal process. Ap-
peals provide a safeguard for individuals and a source of information about recur-
ring errors [16] [17]. 
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3.3. Oversight and Transparency 

Platforms should document model changes, review criteria, escalation paths, and 
the people accountable for decisions. Regular audits can compare outcomes across 
content types and language groups, examine patterns of overturned decisions, and 
identify whether the system applies rules consistently. Explanations should de-
scribe the policy basis for a decision in terms users can understand; technical ex-
planations alone do not guarantee a fair outcome [10] [19] [20]. Independent or 
cross-functional oversight can review findings and recommend policy changes. 

3.4. Feedback and Evaluation 

A feedback loop should connect moderator decisions, appeals, audits, and up-
dated evaluation datasets. Before a model is retrained, corrected examples need 
quality checks so that earlier mistakes do not become new training labels. Measures 
should include detection performance, time to review, appeal and reversal rates, 
differences between groups, and user perceptions of the process. Platforms should 
assess these measures over time and report material changes with appropriate pri-
vacy protections [8] [11]. 

Figure 6 presents the feedback cycle as five steps: gather data, analyze it, gener-
ate insights, implement changes, and evaluate results. The evaluation then informs 
the next round of data gathering. 
 

 

Figure 6. Continuous improvement through feedback loops (source: [21]). 

4. Implementation and Research Agenda 

Implementation can begin with a limited pilot on a defined policy category and a 
representative sample of content. Baseline performance should be measured be-
fore the AI workflow is introduced. Reviewers can then test routing thresholds, 
evaluate errors in multiple languages, and examine how often correct decisions 
appeal. Expansion should depend on evidence that the workflow meets predefined 
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accuracy, fairness, and response-time targets, as well as applicable privacy and le-
gal requirements [14] [22]-[24]. 

A simulated public health misinformation scenario could test the framework 
without presenting hypothetical outcomes as findings. Researchers could assem-
ble time-stamped claims and verified sources, compare automated and human as-
sessments, and measure whether the system adapts when evidence changes. Ad-
ditional studies should examine moderator workload, the effect of explanations 
on trust, and the trade-offs between rapid intervention and erroneous removal. 
Cross-platform and cross-cultural evaluation would help establish where the pro-
posed design is transferable. 

5. Conclusions 

AI can help social media platforms find and prioritize content that may violate 
policy or spread misinformation. Its speed does not resolve the difficult questions 
of truth, context, fairness, or the rights of users. Errors and unequal performance 
make human review especially important when decisions are uncertain or conse-
quential. 

This paper proposes a moderation workflow that combines automated triage 
with trained reviewers, explanations, appeals, audits, and measured updates. The 
framework offers a basis for implementation and testing, but its benefits remain 
to be demonstrated. Platforms that evaluate both technical performance and the 
effects on users will be better equipped to improve moderation while remaining 
accountable for their decisions. 
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