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Abstract - Traditional content moderation systems primarily rely on strict measures that focus on removing offending or 

inappropriate content without offering users any form of educational feedback or guidance. This lack of constructive interaction 

often leads to a poor user experience, leaving users frustrated and uninformed regarding the reasons behind content removal. 

Moreover, such a system fails to encourage long-term positive behavioural changes within online communities, as users do not 

gain insights on how to improve their conduct. This paper proposes a new constructive Artificial Intelligence (AI) intervention 

system that integrates a number of AI models in order to conceptualize content moderation as a limiting process rather than an 

educational process. The framework suggested in the paper combines HuggingFace's BERT-based toxicity analysis, SightEngine's 

image processing, and Google's Gemini large language model to provide end-to-end content moderation with construction of 

feedback. Based on comprehensive testing through user interaction analysis and comparative analysis, the study demonstrates the 

effectiveness of educational intervention in content moderation. The study advances the field by developing a novel approach to 

content moderation that puts user education and community development first while upholding safety regulations. 

Keywords—Content Moderation, Artificial Intelligence, Natural Language Processing, Computer Vision, Human-Computer 
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1. INTRODUCTION  

As user-generated content has grown exponentially on digital platforms, advanced content moderation systems have 

become necessary to keep online spaces safe [1]. Most of the time, traditional content moderation uses binary 

classification systems that either accept or deny content without giving users a clear reason for why they broke the 
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rules or how to make things better [2], [3]. People have said that this punishment-based model makes users unhappy 

and doesn't lead to long-term changes in behaviour in online communities [4]. 

As more and more multimedia content is shared on different platforms, it has become harder to moderate it [5]. 

Automated moderation systems have done a good job of finding bad content, but they often can't teach users anything 

[6]. Studies show that users get frustrated when their content is turned down without an explanation or advice on how 

to make it better [7], [8]. 

The fusion of LLMs and leading-edge AI technologies provides opportunities to approach content moderation as an 

educational, rather than solely punitive, framework [9]. Digital educational interventions have proven effective at 

raising community standards and fostering behavioural change [10], [11]. 

This research, which analyses the structure and content of present-day content moderation systems, proposes an outline 

for a Constructive AI Intervention which precisely tailors the feedback for the user to optimize the grade to which the 

user would learn from the feedback and the grade to which the content they have submitted is accurate. Content 

moderation systems that identify breaches are examined to assess the consequences of integrating diverse AI systems 

to provide users with richer feedback, added useful suggestions, and constructive responses. 

The main contributions of the research are: (1) the creation of a multi-modal AI architecture that combines text and 

image moderation with constructive feedback generation; (2) the testing of how users respond to educational 

moderation interventions; (3) the comparison of traditional blocking and constructive intervention approaches; and (4) 

the setting of design principles for educational content moderation systems. 

 

2. LITERATURE REVIEW  

2.1. Evolution of Content Moderation Systems 

Content moderation has evolved from human manual screening to sophisticated automated systems using machine 

learning and Artificial Intelligence (AI), initial solutions relied primarily on keyword filtering and rule-based systems, 

which were insufficient to address the complexity and scale of modern user-generated content [12]. The introduction 

of machine learning algorithms marked a significant advancement, enabling more nuanced detection of inappropriate 

content through pattern recognition and classification techniques [13]. 

Contemporary content moderation systems predominantly utilize deep learning models, particularly transformer-

based architectures, for improved accuracy in text analysis [6]. Vision transformers have also changed the way we 

moderate images and videos by making it possible to automatically find visual policy violations. But these new 

technologies have mostly been about making detection more accurate, not about improving the user experience or the 

educational value. 

 

2.2 AI Technologies in Content Moderation 

Models for natural language processing, especially BERT and its variations, have shown remarkable efficacy in 

identifying offensive and harmful text [6]. Through multi-model analysis that covers inappropriate visual content, 

computer vision models and APIs have made comprehensive image moderation possible [14], [15]. Similarly, 

researchers now have strong tools for text generation and understanding thanks to the development of large language 

models like PaLM 2 [16] and GPT-4 [17]. 

Recently, large language models have become effective tools for producing text that is similar to that of a human and 

explaining a variety of tasks [12], [18]. A possible paradigm shift toward more interactive and instructive methods is 

represented by the incorporation of models such as GPT-4, PaLM, and Gemini in content moderation [19], [20]. 

 

2.3 User Experience in Content Moderation 

Research in human-computer interaction has shown that traditional content moderation systems have a lot of problems 

with user experience [21]. Research shows that people like systems that explain why they make content decisions and 
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give them tips on how to make things better [16]. Users are frustrated and less likely to use a platform because 

automated moderation decisions aren't clear enough [17]. Educational interventions in digital environments have 

shown promise in promoting positive behavioural changes [21]. Research demonstrates that users who receive 

constructive feedback are more likely to modify their behaviour and comply with community guidelines [22]. 
However, the integration of educational approaches with automated content moderation remains largely unexplored 

in existing literature.  

 

2.4 Gaps in Current Research 

Analysis of existing literature reveals several critical gaps in content moderation research. While recent advances in 

AI-assisted learning principles and constructive feedback mechanisms offer promising directions [23], current content 

moderation systems have not effectively integrated these educational approaches. Studies in human-AI interaction 

demonstrate that users learn more effectively through AI-generated feedback that provides specific, actionable 

guidance rather than simple binary decisions [24], [25].However, the integration of these educational frameworks 

with automated content moderation remains largely unexplored, representing a significant opportunity for advancing 

both user experience and community development. Table 1 presents a comparative analysis of current approaches and 

their limitations. 

Table 1. Comparison of Content Moderation Approaches 

Approach Detection 

Method 

Feedback Type Educational 

Value 

User 

Experience 

Limitations 

BERT-based 

Detection [6] 

Transformer 

models 

Binary 

(Accept/Reject) 

None Poor Limited user 

guidance 

Multi-modal 

Classification [14] 
Vision 

transformers 

Confidence 

scores 

None Moderate Lacks 

educational 

value 

Foundation 

Models [12] 

Large language 

models 

Detailed 

analysis 

Limited Moderate No constructive 

feedback 

Bias-aware 

Systems [11] 

Bias mitigation 

techniques 

Fairness reports Some Good Complex 

implementation 

Proposed 

Approach 

Multi-modal AI Constructive 

feedback 

High Enhanced API 

dependencies 

 

The literature review shows that there is a significant gap in research on systems that combine high detection accuracy 

with useful educational interventions. Existing systems excel at finding problematic content, but they fail to leverage 

moderation events as opportunities to educate users and improve community standards. Merging large language model 

capabilities with the dynamics of educational intervention creates new opportunities for developing moderation 

systems that not only provide safety but also contribute to user development and community building [12], [26]. This 

constitutes a paradigm shift away from exclusively prohibitive solutions towards constructive, educational content 

moderation that meets both platform safety and user empowerment. 

 

2.5 Performance Evolution in Content Moderation 

Content filtering platforms evolved from basic rule-based to sophisticated AI-powered platforms. Early systems were 

65% accurate with a high level of human oversight positives [12], while machine learning algorithms took this to 78-

85% [13]. Deep learning methods demonstrated further advances, achieving 84% accuracy with fewer false positives 

[26]. Transformer models like BERT achieved 89% accuracy, setting new benchmarks in toxicity detection. 

Technological advancement includes the impact of recognizing and understanding speech and language patterns. 

Unlike heuristic classification methods—for example Support Vector Machines—keyword systems are more rigidly 

rule-based. Neural networks allowed deep learning to make a qualitative leap in feature extraction. Attention in 

transformers disentangled contextual understanding. All this, however, was oriented towards accuracy in detection 

rather than the more valuable engagement or learning. Content moderation performance requires multi-dimensional 
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metrics apart from accuracy. Algorithmic correctness for identifying policy offenses is quantified through detection 

accuracy, and response time indicates instant usability. False positive ratios indicate user-centric effect, as user 

experience is interrupted by erroneous rejections. User satisfaction ratings communicate human-centric efficacy of 

moderation approaches, which were largely ignored by conventional algorithms [27], [25]. Performance development 

over different durations is depicted in Table 2 with the typical evaluation metrics. However, this evolution focused 

primarily on detection accuracy rather than user experience or educational value. Table 2 shows performance 

progression across different eras. The matrix reveals that while detection accuracy improved from 65% to over 90%, 

user satisfaction remained low until educational approaches were introduced. Current systems have reached a 

performance plateau, indicating the need for paradigm shifts toward user-centric, educational content moderation [25], 

[27]. 

Table 2. Performance Evolution Matrix in Content Moderation Systems 

Era Detection Method Detection 

Accuracy 

Response 

Time 

False Positive 

Rate 

User 

Satisfaction 

Early Systems Rule-based Filtering  65%  0.1s  25%  2.1 / 5.0  

Traditional ML SVM / Random Forest 78%  0.8s  18%  2.3 / 5.0  

Deep Learning CNN / RNN Models  84%  1.2s  14%  2.7 / 5.0  

Transformer Era BERT-based Systems  89% 1.5s 11% 3.1 / 5.0  

LLM Integration Multi-modal AI 91%  2.1s 9% 3.4 / 5.0 

Proposed System Educational AI 90.7% 2.3s 9.8% 4.1 / 5.0 

 

3. PROPOSED APPROACH  

 
3.1 System Design and Architecture 

The constructive AI intervention system is multilayer in architecture and is set up to blend multiple AI models without 

compromising on modularity and scalability. The three general components of the system architecture include the 

Detection Layer, the Intervention Layer, and the Interface Layer. The Detection Layer utilizes established AI models 

for content inspection. For text, the platform employs the HuggingFace BERT-based model version that has 

demonstrated outstanding performance in tasks related to toxicity detection [6]. Computer vision APIs with support 

for multi-model analysis are utilized in image moderation for the identification of offensive visual content [14]. The 

Intervention Layer is the new addition to this study that utilizes Google's Gemini API [21] in an effort to present 

helpful comments, offer alternatives, and present educational explanations. Based on the types of policy infringements, 

this layer receives moderation outcomes pertaining to the Detection Layer and undertakes the appropriate pedagogical 

actions. The Interface Layer manages how users communicate and provides moderation outcomes in such a manner 

that the learning opportunity is highlighted rather than simply penalizing the user. As detailed in Figure 1, the 

Constructive AI Intervention framework brings the Detection, Intervention, and Interface layers together to handle 

content moderation and educational feedback generation across the full moderation cycle. 

 

Figure 1. System Architecture Diagram 
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3.2 Multi-Modal Content Analysis 

The system processes both text and non-textual content through a shared pipeline: raw text files are analysed directly, 

while non-textual files (such as images) are first converted into .docx format so that their embedded text can be 

extracted, allowing text-based and non-textual sources to be handled through the same workflow. The system can 

process multiple documents and file types simultaneously and accurately, and the intervention layer module 

incorporates the extracted text from both text and non-textual sources efficiently, giving the system a cohesive, unified 

design for multi-modal moderation. 

 

3.2.1 Text Content Processing 

The completion of this task requires achieving a balance between efficiency and accuracy, which is why a multi-stage 

pipeline is being employed. The first stage, First Pass, is when a word list is checked for dirty words/phrases and 

classified as Early Indicators of content that leads nowhere. The content is analysed using the toxic-bert model and 

the accompanying HuggingFace API, which generates a score between 0-1 regarding the model’s confidence in the 

toxicity of the provided content. The system has content context and user-history adaptive thresholding. The standard 

threshold for toxicity is 0.8, as is used in the other literature [28], [29]. Everything above 0.8 is where we frame the 

boundary, that is, the level above which we provide constructive feedback. 

 

3.2.2 Image Content Evaluation 

Using advanced computer vision, image content moderation examines material for potentially inappropriate 

content, including nudity, firearms, and general obscene material. The system assesses a series of known risk 

factors and uses content safety industry content scope standards for risk threshold evaluation [30]. The overall 

workflow is depicted in Figure 2, which shows how content is processed and passes through detection, threshold 

evaluation, and constructive intervention. This technique guarantees that every moderation instance is a 

constructive learning experience for the users while maintaining the safety standards of the platform. 

 

3.3 Constructive Feedback Generation 

The constructive feedback generation process represents the core innovation of this research (Figure 2). When content 

violation is detected, the system generates three types of educational interventions as follows. 

 

 
Figure 2. Moderation Process Flowchart 
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1. Constructive Rephrasing: Alternative versions of text content that maintain the user's intended message while 

adhering to community guidelines 

2. Educational Explanations: Clear descriptions of why specific content violates policies, helping users 

understand community standards 

3. Improvement Suggestions: Actionable recommendations for future content creation 

 

The feedback generation utilizes carefully crafted prompts designed to ensure consistency and quality in AI-generated 

responses. Prompt engineering techniques include role specification, context provision, and output format 

requirements to optimize response quality [14], [25]. 

 

3.4 Implementation Framework 

The system was implemented as a web-based platform using modern development frameworks. The backend utilizes 

Node.js for API integration and request handling, while the frontend employs React for responsive user interface 

development. Integration points include: 

• Real-time chat moderation with immediate feedback 

• Profile content management with educational interventions 

• File upload systems with comprehensive content analysis 

• Service creation interfaces with guided content improvement 

 

Evaluation used a controlled experiment with 56 participants randomly assigned to traditional blocking (28) or 

constructive intervention (28) groups. The 4-week protocol included: Week 1 - baseline measurement, Weeks 2-3 - 

system deployment, Week 4 - comparative analysis. Three mechanisms captured performance data: (1) automated 

system logs for technical metrics, (2) user interaction tracking for behavioural data, and (3) periodic surveys for 

satisfaction assessment. All data was collected through integrated analytics modules and anonymized following 

research guidelines. Figure 3 shows the evaluation workflow: 

 

Figure 3: Performance Evaluation Implementation Process Diagram 

 

3.5 Evaluation Methodology 

System evaluation employed mixed-methods approach combining quantitative performance metrics with qualitative 

user experience assessment. Key evaluation dimensions include: 

• Technical Performance Metrics: 

o Content detection accuracy across text and image modalities 

o System response time for complete moderation cycles 
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o API integration reliability and error handling 

o Scalability under varying load conditions 

• User Experience Metrics: 

o User satisfaction with moderation decisions 

o Adoption rate of suggested content improvements 

o Frequency of successful content resubmission 

o Overall platform engagement following moderation events 

• Educational Effectiveness Metrics: 

o User comprehension of policy violations 

o Behavioural change indicators in subsequent content submission 

o Community standards awareness improvement 

o Long-term compliance improvement rates 

 

Evaluation data was collected through system logs, user surveys, and behavioural analysis over a controlled testing 

period with volunteer participants who provided informed consent for research participation. 

 

4. RESULTS AND DISCUSSIONS  

 

4.1 Technical Performance Analysis 

The implemented system demonstrated robust technical performance across all evaluated metrics as shown in Table 

3. Content detection accuracy achieved satisfactory levels consistent with established benchmarks in the literature. 

 

Table 3. System Performance Metrics 

Metric Text Moderation Image Moderation Combined System 

Detection Accuracy 89.3% 92.1% 90.7% 

Response Time (avg) 1.8 seconds 2.7 seconds 2.3 seconds 

API Uptime 99.1% 98.7% 98.9% 

False Positive Rate 11.2% 8.4% 9.8% 

False Negative Rate 7.1% 6.3% 6.7% 

 

System response times remained within acceptable parameters for real-time applications, with the majority of 

moderation cycles completing within 3 seconds. API integration reliability exceeded 98% across all services, 

demonstrating the feasibility of multi-API architectures for content moderation applications. 

The 90.7% combined detection accuracy demonstrates competitive performance with state-of-the-art content 

moderation systems, which typically achieve 85-93% accuracy [28]. Image moderation outperformed text analysis by 

2.8%, likely due to the mature computer vision algorithms and clearer visual policy violations compared to contextual 

text analysis. 

The 2.3-second average response time represents a 28% increase over traditional blocking systems (1.8s) but remains 

within acceptable real-time thresholds. This latency trade-off is justified by the educational value provided. The 9.8% 

false positive rate, while higher than desired, is offset by the constructive feedback that helps users understand and 

correct legitimate content rejections. 
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API reliability exceeded 98.9%, demonstrating the feasibility of multi-service architectures for production deployment. 

The 6.7% false negative rate indicates potential security risks that require ongoing model refinement. 

 

4.2 User Experience Evaluation 

User experience assessment revealed significant improvements compared to traditional blocking mechanisms as 

shown in Table 4. Survey responses from 56 participants indicated positive reception of the educational intervention 

approach. 

Table 4. User Experience Comparison 

Metric Traditional Blocking Constructive Intervention Improvement 

User Satisfaction (1-5) 2.4 4.1 +70.8% 

Understanding of Violations 45% 78% +73.3% 

Successful Resubmission 23% 64% +178.3% 

Platform Engagement Baseline +31% +31.0% 

 

Users reported significantly higher satisfaction levels with the constructive intervention approach, particularly 

appreciating the educational explanations and improvement suggestions. The substantial increase in successful content 

resubmission rates indicates that users effectively utilized the provided guidance. 

The 70.8% improvement in user satisfaction represents a paradigm shift from punitive to educational moderation. The 

jump from 2.4 to 4.1 on a 5-point scale indicates users moved from "dissatisfied" to "satisfied," demonstrating clear 

preference for constructive feedback over binary blocking. 

The 178.3% increase in successful resubmission rates is particularly significant, suggesting users effectively learned 

from feedback and improved their content. This metric directly contradicts traditional assumptions that users ignore 

moderation guidance. The 73.3% improvement in violation understanding (45% to 78%) provides empirical evidence 

that educational interventions enhance policy comprehension. 

The 31.0% increase in platform engagement indicates that constructive moderation encourages rather than discourages 

user participation, addressing concerns that safety measures reduce platform activity. 

 

4.3 Educational Effectiveness Assessment 

The educational components of the system demonstrated measurable impact on user behaviour and community 

standards comprehension as shown in Table 5. Analysis of user interactions revealed positive trends in content quality 

improvement and policy compliance. 

Table 5. Educational Impact Metrics 

Outcome Measure Pre-Implementation Post-Implementation Change 

Policy Awareness Score 3.2/5.0 4.3/5.0 +34.4% 

Repeat Violations 28% 16% -42.9% 

Content Quality Rating 3.5/5.0 4.2/5.0 +20.0% 

Community Guidelines Compliance 72% 89% +23.6% 

 

The reduction in repeat violations suggests that users internalized the educational feedback and modified their content 

creation behaviour accordingly. Improved content quality ratings indicate that the constructive suggestions effectively 

guided users toward better communication practices. 

The 42.9% reduction in repeat violations represents the strongest evidence for long-term behavioural change. Users 

who received educational feedback were significantly less likely to violate policies again, suggesting internalization 

of community standards rather than mere compliance. 
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The improvement in policy awareness from 3.2 to 4.3 (64% to 86% on a percentage scale) demonstrates measurable 

learning outcomes. This 34.4% increase indicates that educational interventions effectively transmitted policy 

knowledge to users. 

Content quality improvements (20.0% increase) and compliance gains (23.6% increase) show broader positive effects 

beyond simple violation reduction. Users not only avoided policy violations but actively improved their 

communication practices, suggesting the system fostered overall community development. 

All improvements showed statistical significance (p < 0.05) using paired t-tests, confirming that observed changes 

were not due to random variation. Effect sizes ranged from medium (Cohen's d = 0.6) for content quality to large 

(Cohen's d = 1.2) for resubmission rates, indicating practical significance alongside statistical significance. 

 

4.4 Constructive Feedback Quality Analysis 

Analysis of generated constructive feedback revealed generally high quality and relevance. User ratings of feedback 

usefulness averaged 4.0 out of 5.0, with 82% of users indicating that suggestions helped them understand policy 

violations. 

Common feedback themes included: 

• Tone modification suggestions for aggressive or hostile content 

• Alternative phrasing recommendations for potentially offensive language 

• Context clarification guidance for ambiguous statements 

• Communication style improvements for professional environments 

 

4.5 Discussion of Findings 

The outcomes show that combining automated content moderation with educational interventions is both feasible and 

successful. The notable increases in content quality and user satisfaction imply that users prefer learning-oriented 

systems over strictly restrictive ones.  

The decrease in repeat infractions and increased rates of policy compliance suggest that the educational strategy is 

especially successful in encouraging long-term behavioural change. This result is consistent with recent studies in AI-

assisted education that indicate constructive criticism encourages more long-lasting behavioural changes than 

punishment [15], [27]. 

Although careful attention to integration design and error handling is crucial for system reliability, the technical 

performance results show that multi-API architectures can achieve satisfactory performance for real-time content 

moderation applications. 

 

5. Limitations and Future Work 

This section identifies key constraints of the current implementation and outlines research directions for advancing 

educational content moderation systems.  

 

5.1 Current System Limitations  

The proposed system faces several limitations that constrain its broader applicability and scalability. The architecture's 

dependency on multiple external APIs (HuggingFace, SightEngine, and Google Gemini) creates potential points of 

failure, introduces cost considerations, and limits scalability due to rate limiting and service availability constraints. 

The system is designed to analyse content written in English, which severely impacts the facility of the tool to be used 

in multilingual environments and overlooks cultural factors that govern how a piece of content can be interpreted 

across different communities. Moreover, the assessment was conducted using a limited sample size (56 people) within 

the confines of a laboratory, an approach that fails to reflect the intricacy and scale of online social networks. In its 
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present state, the framework supports text and image content only, while other common multimedia formats such as 

slides, video, audio and the like are lacking. Third, the immutable toxicity threshold of 0.8 and the static feedback 

generation (passive interface) are context, user, or community policy agnostic, whereby the feedback standards are 

loose and are inclined to context. 

 

5.2 Future Research Directions  

Later studies ought to perform longitudinal analysis across various communities to gauge the sustained educational 

impact. For mass deployment, culturally sensitive and multilingual systems are essential. Perhaps a more 

comprehensive application of the framework can be achieved by including the analysis of video along with audio. 

Studying personalized education interventions may help to implement each user preferences more effectively. API 

dependencies could be addressed while preserving privacy if on-device processing protocols are followed. And as a 

final step, hybrid approaches which would investigate integrating both AI-generated feedback and insights of 

community moderators could be explored in order to increase accuracy and acceptance. 

 

6. CONCLUSION 

The feasibility and efficacy of constructive AI intervention in content moderation systems are successfully 

demonstrated by this study. The suggested multi-modal approach accomplishes the twin goals of upholding content 

safety regulations and offering users significant educational value.  The creation of a new architectural framework that 

combines several AI models for thorough content analysis and the creation of instructional feedback is one of the 

study's main contributions. The empirical analysis shows that educational interventions greatly enhance content 

quality, user satisfaction, and long-term adherence to community standards. The research establishes educational 

content moderation as a promising paradigm that addresses limitations of traditional punitive approaches. By 

transforming moderation events into learning opportunities, the system contributes to positive community 

development and user empowerment. The findings have practical implications for platform designers and community 

managers seeking to improve user experience while maintaining safety standards. The demonstrated effectiveness of 

constructive feedback suggests that educational approaches should be considered essential components of modern 

content moderation systems. 
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