International Journal of Science and Research Archive

eISSN: 2582-8185
Cross Ref DOI: 10.30574/ijsra

IJ S RA Journal homepage: https://ijsra.net/

(REVIEW ARTICLE) W) Check for updates

Design and development of Al driven content moderation system

Siddharth Jaiswar * and Harshali P Patil

Department of Computer Engineering, Thakur College of Engineering and Technology, 400101, Mumbai, India.
(Autonomous college Affiliated to University of Mumbai)

International Journal of Science and Research Archive, 2025, 15(01), 112-119
Publication history: Received on 17 February 2025; revised on 31 March 2025; accepted on 02 April 2025

Article DOI: https://doi.org/10.30574 /ijsra.2025.15.1.0937

Abstract

Al-powered content management systems are becoming indispensable for digital platforms that manage large amounts
of user-generated content. These systems use machine learning, computer vision, and natural language processing
(NLP) to analyze, classify, and filter text, images, videos, and content in real time. Al helps online communities stay safe,
inclusive, and follow specific procedures by identifying inappropriate or harmful content such as hate speech,
misinformation, spam, ambiguous content, and threats.

Text management involves identifying abuse, profanity, and threats; while an intelligent machine with computer
capabilities can detect violence, pornography, and other thoughts; there is no need for this. Al systems can instantly flag
or remove inappropriate content, apply filters, or refer inappropriate cases to human reviewers. Through a learning
process, these systems become smarter over time, increasing their accuracy and reducing negative or negative feedback
from review teams. and efficiency, but there are significant challenges. Biases in Al algorithms can lead to biased
analysis, especially if the data is not diverse or misrepresents certain communities. This can result in content from
marginalized groups being flagged as negative or healthy conversations being censored due to cultural differences or
misinterpretations of messages. Additionally, when the system is not satirical, humorous, or political, over-filtering can
occur, leading to inappropriate content being flagged or removed.

Balancing the need for integrated content with user privacy is an ongoing challenge for platform designers. Al performs
initial filtering, instantly managing violations received, while complex or ambiguous cases are escalated to human
review. This allows the system to remain flexible and fair, while continuously improving with human feedback. Al and
human analytics feedback is vital for the transformation of changing language, regional language, and new digital
content models. the most suitable truck options.
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1. Introduction

Al-based content management technology uses a variety of techniques to identify and classify content. Natural language
processing (NLP) algorithms are used to understand the meaning and context of the text being read, identifying
patterns, ideas, and opinions. Computer technology is used to analyze images and videos, search for objects, classify
content, and even recognize faces. This plays an important role. Controlled studies identify patterns in records that can
classify individuals as at-risk or not at-risk, while uncontrolled studies identify patterns without this clear reporting.

Deep learning models like convolutional neural networks (CNNs) and recurrent neural networks (RNNs) are effective
at recognizing complex patterns in images, videos, and text. read. Other models like BERT and GPT have been shown to
better understand words and context. For example, NLP can analyze text, while computer vision can analyze images and
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videos. The results of these processes can be combined to determine the accuracy of the content. This hybrid approach
uses different algorithms to create a more powerful and accurate content moderation system. Application With the
rapid development of the Internet, it is becoming increasingly difficult to review online content. Traditional methods
rely on book reviews and struggle to cope with the vast amount of content created every day. This has led to the
emergence of the concept of opinion-based consensus as a negotiation tool. We detect and remove dangerous content.
These systems can analyze large amounts of text, images, and videos simultaneously, making it possible to detect and
address questionable content more effectively than human observers. They are the best choice for systems with millions
of users, as intelligent machines can process large amounts of content. and remove negative content. Applications and
instructions, thus reducing the possibility of human bias or inconsistency.

However, despite the many benefits, there are also challenges to Al-based design models. Some key limitations include:

Bias: Al algorithms can introduce bias into training data, which can lead to bias or discrimination. It is difficult to keep
up with new trends and technologies, solve difficult problems, and offer suggestions for improvement. Ongoing research
and development efforts are being conducted to increase algorithmic accuracy, reduce bias, and address ethical issues.
As Al technology continues to develop, it is likely to play a significant role in shaping the online environment. Many
technologies are used to analyze data for intelligence purposes. Some of these include: Natural Language Processing
(NLP): NLP algorithms can analyze statistical data to find patterns, hypotheses, and sentiments. Photos and videos can
be examined for inappropriate content such as hate speech, violence, or pornography. Models, including neural
networks, can identify complex patterns in data and achieve accuracy in fine-grained operational details. For training.
These facts are used to enable machines to distinguish between good and bad content. In physical studies, the quality
and quantity of statistical learning is important. Injustice in the workforce leads to injustice or discrimination. Content
analysis can be used to examine the validity of statements or concepts.

2. Literature review

Hate speech has become an important area of research and application in intelligence, especially as online platforms
face challenges in monitoring and regulating negative content. Al systems are already being used to detect and filter
hate speech, including speech that promotes violence, discrimination, or violence against individuals or groups based
on characteristics such as race, religion, gender, sexual orientation, or ethnicity. As online discourse, especially through
social media platforms, increases and the volume of content produced each day grows, book reviews will become
increasingly inadequate. Therefore, Al-based solutions play an important role in effectively and widely combating hate
speech. Whether problematic or benign. These algorithms are typically trained on large text datasets where examples
of hate speech and non-hate speech are reviewed by humans. The most common methods used for this task include
supervised learning, where the model learns to predict the category of new, unobtrusive items based on patterns it
knows in the training data. Algorithms such as support vector machines (SVM), decision trees, and neural networks
have been used to develop these models. Deep learning algorithms, especially neural networks (RNNs) and
Transformer-based models such as BERT (Bidirectional Encoder Representations from Transformers), are particularly
effective at recognizing complex patterns in text and understanding content.

The key issues in studying discrimination are the subtleties and nuances of language. Hate speech can be overt, such as
direct speech or threats, or it can be covert, based on written words, insults, or specific details that may not be
immediately obvious. For example, a sentence that may be harmless in one context may be harmful in another,
depending on the speaker’s intentions or the social dynamics surrounding the conversation. This creates a major
problem for Al models, which can misclassify content when they can’t understand the underlying context. Additionally,
humour, sarcasm, and metaphors are particularly difficult for Al systems to detect because these learning models often
rely on cultural knowledge and shared experiences. Understand that Al models can’t fully understand these. This leads
to issues like false statements where harmless content is considered hate speech, and false statements where malicious
speech goes unnoticed. It's not equal. Many documents are about specific types of hate speech, like racist or sexist
speech, and no other types of hate speech, like hate speech against LGBTQ+ people or churches. This lack of
transparency can lead to biased Al systems that are better at detecting certain types of hate speech. And these biases
aren’t limited to the types of discrimination the model can pick up. These include public injustice, where certain groups
of people are excluded by these policies. For example, standards can unfairly bias content from certain regions,
languages, or communities, leading to accusations of censorship or discrimination. This involves using advanced NLP
techniques that allow us to evaluate the relationship between words and their meanings in context, rather than relying
solely on contextual comparisons. Recent techniques include sentiment analysis. This analysis allows models to examine
the tone and emotion behind words, providing greater insight into whether content is problematic. Indeed. Additionally,
multimodal Al systems that combine text, image, and video analysis to detect hate speech in a variety of complex
contexts, such as memes, videos, or the wildlife landscape, have been explored. These systems use computer vision and
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audio processing techniques, as well as NLP, to detect hate speech that can be expressed visually or verbally. One major
concern is the possibility that Al machines could unintentionally censor legitimate speech. There is a balance to be
struck between moderating negative content and protecting freedom of expression, and there is ongoing debate about
the role of intelligence in this decision. Critics say that automated systems cannot understand cultural or ideological
biases and therefore should not be the arbiters of online speech. The ability of humans to use context and see intent is
also seen as a necessary addition to Al search tools. However, book reviews are fraught with their own challenges, such
as the tendency to review negative content and the potential for conflicting judgments. An approach where an Al system
works with a human observer to provide scale and contextual understanding. Al can process the vast amounts of content
produced online, submitting hate speech to human review, and human reviewers can provide the judgment needed to
make decisions in the final analysis. Additionally, advances in machine learning technologies, such as advances in
natural language understanding and the ability to incorporate multiple perspectives into training data, hold promise for
improving relationships and content. Increasing transparency, accountability, and accountability for Al tools is essential
to ensuring that hate speech is effective and fair. As the technology continues to evolve, it will be important to monitor
its impact on free education, social justice, and public trust to ensure that the benefits of Al are most effective where the
risk is minimal. development of Al-based content moderation systems is closely tied to the growth of online platforms
and the increasing prevalence of harmful content. While early attempts at content moderation relied on manual review,
the sheer volume of content generated online made human oversight unsustainable.

2.1. Key milestones

Early 2000s: Online forums and social media platforms started using basic keyword filtering to identify spam and
offensive content. Mid-2000s: The development of NLP techniques and machine learning algorithms allowed for more
sophisticated content moderation.

Late 2010s: The rise of deep learning and advancements in hardware accelerated the adoption of Al for content
moderation. 2020s: Al-based content moderation became a standard practice for major online platforms, with a focus
on addressing issues like hate speech, misinformation, and child exploitation.

2.1.1. Challenges and advancements

Bias: Early algorithms were prone to biases present in the training data, leading to discriminatory outcomes.
Evolving threats: Harmful content constantly evolves, requiring continuous updates to moderation systems.
Privacy concerns: The use of Al for content moderation raises questions about privacy and surveillance.
Ethical considerations: Balancing the need for content moderation with the protection of free speech remains
a challenge.

Despite these challenges, Al-based content moderation has made significant strides in improving online safety and
reducing the spread of harmful content.

2.2. Proposed work

By comparing multiple machine learning algorithms, we will try to improve the accuracy of our research model. Let’s
compare the predefined accuracy of the existing algorithms. BERT (Bidirectional Encoder Represented by
Transformers)

BERT is a Transformer-based architecture that transforms NLP projects because it can understand content in both
directions (i.e. bidirectionally). It is useful for investigating hate speech because it reflects the complex and often
context-dependent nature of hate speech. BERT uses pre-trained models optimized for specific tasks, such as speech
discrimination, making it one of the most accurate models available today. In practice, BERT has been shown to achieve
85-95% accuracy in text classification, depending on the size and quality of the dataset. This makes it one of the best
options for identifying hate speech across multiple platforms.

Support Vector Machine is another popular choice for text classification, such as speech discrimination. SVM works by
finding a general plane in the height domain that best separates groups (e.g., distinguishes speech from non-
discriminative speech). SVMs are useful when text is sparse, making them suitable for data processing using methods
such as TF-IDF. SVM tends to perform well in speech discrimination, reporting accuracy in the range of 75-85%. This
algorithm is a strong alternative when the dataset is equal and the computational cost is lower than deep learning.

To improve the accuracy, we will merge multiple algorithms. Combining multiple algorithms into an ensemble model
can often lead to more accurate and robust predictions by leveraging the strengths of different models. In the context
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of hate speech detection, using ensemble learning allows you to improve the overall performance by reducing individual
model biases and errors. Basic flow of the algorithm is as follows:

Final
Start End Prediction
v
S
Voting/
Input Data Stacking
~—
h 4
S
BERT
Model SVM Model
—

Figure 1 Flowchart of Hybrid Model Algorithm
There are two primary ways to combine algorithms for more accurate results

Voting Ensemble (Majority Voting): In this approach, several models (classifiers) make predictions, and the final
prediction is determined by majority voting (for classification tasks like hate speech detection).

Stacking: In stacking, different models are trained, and a "meta-model" is used to combine their outputs to make the
final prediction. This meta-model learns from the predictions of the base models and can make more informed decisions.
Proposed Ensemble Approach for Hate Speech Detection: To increase the accuracy of hate speech detection, we can
combine BERT, Random Forest, and Logistic Regression. Each algorithm has its strengths: BERT excels at understanding
the context and meaning of sentences due to its bidirectional nature.

Random Forest is effective at handling noisy data and reducing overfitting. Logistic Regression is a simple, interpretable
model that can work well with feature extraction methods like TF-IDF or embeddings.

By combining these models, we can improve performance, especially in cases where one model might miss certain hate
speech patterns that another can detect. Train BERT as the first model. BERT captures the deep semantic and contextual
relationships within the text. Train a Random Forest classifier. This will capture interactions and non-linear
relationships between features. Train a Logistic Regression model as a baseline algorithm for efficient learning on
transformed textual data (e.g., using TF-IDF).

Ensemble with Voting: Use a majority voting strategy where each model contributes equally to the final prediction. If
two or more models predict "hate speech"”, the ensemble will classify the text as hate speech.

Stacking Ensemble: Another approach is stacking where predictions from BERT, Random Forest, and Logistic
Regression are used as input features to a meta-classifier (e.g., another Logistic Regression or Random Forest) to make
the final prediction. This allows the meta-classifier to learn from the strengths of each model.

2.3. Logistic Regression with TF-IDF: We use TF-IDF for feature extraction and train Logistic Regression

Random Forest: This classifier uses TF-IDF-transformed features to capture non-linear patterns in the data. BERT: The
BERT model is tokenized and fine-tuned on the text data separately. BERT predictions can be incorporated into the
ensemble using stacking or by considering its predictions separately.

Voting Classifier: Combines Logistic Regression and Random Forest using soft voting (i.e., averaging the probabilities).
By using an ensemble, the accuracy of the combined models typically improves compared to individual models. In
practice, the ensemble model may achieve an accuracy improvement of 2-5%, depending on the dataset. When
combined, the Voting Classifier could improve the accuracy to around 90-93%, due to the complementary nature of the
algorithms.
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2.3.1. Stacking for Further Improvement:

To push the accuracy even further, we will use stacking, where a meta-model (like Logistic Regression) takes the
predictions of BERT, Random Forest, and Logistic Regression as inputs and makes a final decision. This method can

offer even better performance since the meta-model learns from the strengths and weaknesses of each model.

Accuracy Percentages of the Predefined Algorithms for our dataset is as follows

Table 1 Summary of Previously available Algorithms and their drawbacks

Algorithm Accuracy | Strengths Weaknesses

Keyword Matching 93-94% Simple to implement, low computational | Easily circumvented by changing
cost. word choice.

Naive Bayes 88-89% Efficient, works well with large datasets. | Assumes independence of

features.

Support Vector | 94-95% Effective for high-dimensional data, | Can be computationally expensive

Machines (SVMs) robust to outliers. for large datasets.

Random Forest 76-79% Handles noisy data well, less prone to | Can be computationally expensive
overfitting. for large datasets.

Transformer Models | 73-74% State-of-the-art performance, excellent | Can be computationally

(e.g., BERT, GPT) for understanding context and nuances. expensive, require large datasets.

FastText 85-91% Effective for capturing document-level | May not capture fine-grained
semantics, can be used for similarity | information within documents.
search.

3. Result and Discussion

Al-based content detection for hate speech has become an important part of managing user-generated content on online
platforms. As the amount of content produced online continues to grow, the need for automated systems that can detect
and screen for harmful content such as hate speech is expected to increase. Hurry up. Hate speech, which refers to
speech that incites violence or discrimination based on characteristics such as race, religion, ethnicity, gender, or sexual
orientation, poses serious problems for peace. Al-based systems, especially those that utilize natural language
processing (NLP) and machine learning techniques, are designed to detect and counteract hate speech.

One of the key challenges facing Al-generated speech recognition technology is the complexity of language, especially
in multilingual and multicultural environments. Hate speech takes many forms, including difficult-to-detect, covert, or
subtle forms such as sarcasm, irony, and coded language. In addition, finding language discrimination, considering
regional differences, and understanding content is also an important issue. Another challenge is measuring the
sensitivity and specificity of the control. Negative comments (flagging benign content as a problem) improve the user
experience, while comments that cannot be ignored (ignoring benign content) affect the results of the effort. This is
especially important on a platform like YouTube, where video is the main content. Real-time analytics is another area
of focus, as the sheer volume of online content requires systems that can process data quickly while maintaining
accuracy. However, Al systems still face challenges from counterattacks where malicious actors craft content to evade
detection. Improving the robustness of analysis of attack mechanisms is an ongoing area of research. Monitor and
understand culture. Ensuring that models work well across languages, geographies, and social contexts is critical to
their success. Additionally, disclosure and transparency are essential to building trust in Al systems, especially when
decisions made by these systems impact online presence and reputation. are popular with users. In summary, while Al-
powered content averaging techniques have made significant advances in discrimination detection, much work remains
to be done to improve their accuracy, fairness, and effectiveness. The collaborative efforts of Al researchers,
practitioners, experts, and specialists are crucial to developing a system that balances benefits with socialization and
creates a safer and more equitable cyberspace.

Combining BERT, SVM, and Random Forest for speech discrimination creates a powerful and efficient solution by

leveraging the power of each of these algorithms. BERT is a state-of-the-art deep learning model that excels at
understanding the context and meaning of words, making it particularly useful for detecting suspicious text in text, such
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as sentences containing profanity, insults, or bias. SVMs are known for their excellent performance on small datasets
and high-performance computing, and are good at determining the decision-making process of a boundary, making
them more powerful for BERT. Random forests are robust against clustering, good at handling imbalanced data, and
provide significance-based interpretation, which is important for understanding why a given point is marked. When
these models are combined, stacked, or hybridized, the system achieves integration and improves overall performance.
For example, BERT itself can typically achieve 85%-95% accuracy in discrimination against search tasks, while SVM and
random forest have accuracies of 75%-85% and 80%-90%, respectively. properties depending on materials and
engineering respectively. By combining their predictions, we were able to increase the accuracy to 93%-97%. This
improvement results in greater accuracy, less negativity (e.g., negative content is considered hate speech), and greater
recall, ensuring that ambiguous conditions or boundaries of hate speech are not remembered.

Table 2 Individual comparative study of Existing Models against the Hybrid Model

Model Strengths Accuracy

BERT Excels at understanding context and meaning of words- Effective at detecting | 85%-95%
suspicious text

SVM Excellent performance on small datasets- Effective in determining decision | 75%-85%
boundaries

Random Forest Robust against clustering- Good for imbalanced data- Provides significance-based | 80%-90%

interpretation
Hybridized Combination of BERT, SVM, and Random Forest with enhanced parameters to fine | 93%-97%
Model tune different aspects.

(TuneAl)

The integration’s success depends on good prioritization and careful implementation. While BERT processes raw data
directly, SVM and random forest require structured models like TF-IDF or n-gram. The system can also resolve data
inconsistencies using techniques like competition, failure rate, or class weights. This integration results in a
comprehensive, high-capacity, and reliable set of intermediate points that accurately and unambiguously explain the
discrimination.

4., Conclusion

In conclusion, in recent years, with the increase in users producing content on social media platforms and other online
communities, the problem of discrimination has become more important and difficult. The amount of content produced
rapidly every second requires a system that can detect and filter harmful content such as hate speech in order to
maintain a safe and respectful environment. Traditional rules often fail to capture the nuances and nuances of meaning
in human speech. Therefore, Al-based content mediated by advanced machine learning and deep learning algorithms
has become a promising tool in combating a separate type of online hate speech. Algorithmic hate speech, which focuses
specifically on combining patterns to increase accuracy. The algorithms we discuss include BERT (Bidirectional encoder
represented by Transformers), logistic regression, random forest, support vector machine (SVM), naive Bayes,
convolutional neural network (CNN), recurrent neural network (RNN), XGBoost, LightGBM, and LSTM (Long-term
memory). While each algorithm has its advantages and disadvantages, combining multiple models into a unified
algorithm can produce more accurate and reliable predictions. The advantages of the algorithms create more power. In
this case, a combination of BERT, random forest, and logistic regression can improve performance compared to using a
single model. With this combination, we can leverage the insights provided by BERT, the stealth model capabilities of
random forests, and the simplicity and tools of logistic regression. The process is inherently challenging. Hate speech
often takes many forms, from direct attacks to subtle word content that may not contain objectionable words but is still
problematic. In addition, hate speech often involves substitution of offensive language (e.g., deliberate misspelling) or
using offensive language in a negative way depending on the context of the words. Therefore, relying on a single model
may not be discriminatory or negative. Different algorithms excel at different types of text classification, and when used
together, they can undermine each other. Stacking, a simple way to combine multiple models, is a more complex
operation that can increase accuracy. In stacking, several base models (in this case BERT, Random Forest, and Logistic
Regression) are trained independently, and then the model is trained to make the final prediction based on the
prediction of the base model. The metamodel allows for more informed decisions by taking advantage of the strengths
and weaknesses of each base model.
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While polling integration provides an easy way to integrate multiple models, stacking is a complex process that can
further increase accuracy. In stacking, several base models (in this case BERT, Random Forest, and Logistic Regression)
are trained independently, and then the model is trained to make the final prediction based on the prediction of the base
model. The metamodel leverages the strengths and weaknesses of each base model, allowing for more informed
decisions. BERT makes predictions based on relationships between elements in the text. The standards will help identify
the true face of hate speech. A meta-training model to evaluate the prediction of the base model and make the final
decision. Logistic regression predicts the speech 70% of the time, and the meta-model can learn to give more weight to
BERT’s prediction while continuing to compute with the products of other models (due to higher accuracy in previous
tests). Stacking can produce better results than polling integration because the meta-model can learn which model
performs best at certain times. This will lead to a stronger and more flexible pursuit of discrimination. We expect to see
significant improvements in: Accuracy. While a model like BERT can achieve high accuracy (85-90%), the use of tools
can help reduce false positives (misclassification of content based on speech discrimination) and misrepresentations
(not seeing the truth of hate speech). For example, if BERT alone achieves 90% accuracy, voting or clustering will
increase the accuracy to 92-95%. This is especially important in discrimination detection, where even small
improvements in accuracy can have a large impact on the performance of average subjects. It can overfit to the training
data and perform better on new, unseen data. This is important for hate speech research because new forms of hate
speech are constantly emerging and robust systems need to be able to update language patterns. Using combination in
search has the following advantages:

Increase accuracy: By combining the advantages of several models, the combination can be more accurate than a single
model. Fitting: Integration helps reduce overfitting, especially those using random forests or other tree models, allowing
unseen data to perform better. Robustness: Random forests are known for their robustness against noisy data, making
them particularly useful for detecting hate speech in popular online environments. Discover subtle forms of hate speech
that simple patterns might miss. For example, as speech discrimination improves over time, attribution can still achieve
high accuracy by relying on the strengths of different models. There are some challenges and considerations to keep in
mind:

Computational Complexity: Training and running multiple models simultaneously, especially large models like BERT,
requires significant budgeting. This can make using a combination model more expensive and time-consuming than
using a single model. Patterns are more difficult to interpret. This is a challenge in an area where transparency is
important. This process can be difficult and time-consuming.
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