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ABSTRACT: Spoilers—revealing plot details of movies, TV shows, books, or games—pose a frequent annoyance for
users browsing reviews or social media. Spoiler Shield is a proposed system that uses Natural Language Processing
(NLP) and machine learning to detect, mask or block spoiler content in real time on websites, thereby protecting users
from unwanted reveals. The system scans incoming text content (user reviews, forum posts, comments) and uses a
model trained to classify sentences/paragraphs as “spoiler” or “non-spoiler.” It applies masking/blurring/hiding for
spoiler content depending on user settings. Key contributions include: (1) a robust dataset of spoiler vs non-spoiler
content gathered from multiple domains (movie reviews, fan forums, book discussion sites); (2) development of a
transformer-based classifier fine-tuned on this dataset; (3) integration into browser extension / website middleware
allowing live content filtering; (4) evaluation of accuracy, latency, user acceptability, and impact on user experience. In
experiments, Spoiler Shield achieved an Fl-score of ~0.93, precision ~0.90, recall ~0.95 on test data, with average
detection latency <150 ms per block of text, and minimal perceptible delay for users. A user study (n = 50) indicated
high satisfaction: 85% of users felt spoilers were correctly blocked, 90% appreciated control over how spoilers are
hidden, and less than 5% reported false positives that hindered content enjoyment. The system shows promise as a tool
for enhancing content privacy in online browsing. Limitations include domain drift (novel plot devices), linguistic
variability, and potential overblocking. Future work involves expanding to multilingual support, multimodal content
(images / video transcripts), adaptive learning from user feedback, and enhancing granularity (blocking only certain
spoiler levels).

Keywords: Spoiler detection, Natural Language Processing (NLP), Real-time content filtering, Transformer models,
User experience / user privacy, Browser extension, Masking/blurring content

L. INTRODUCTION

Online content consumption frequently involves encountering reviews, discussions, forums, or user comments about
media (films, TV shows, books, games). For many users, part of the pleasure in engaging with media lies in preserving
surprise or plot twists. However, spoilers—sections that reveal key plot points—are often inadvertently encountered,
for example in reviews, social media threads or synopsis sections. Once spoiled, the user’s enjoyment or narrative
experience can be diminished irreversibly.

To reduce this, users often attempt manual filtering (avoiding reviews, skipping certain sites), or rely on
community-based spoiler tags or warnings. But these are inconsistent, depend on discipline of authors, and often
insufficient. There is growing interest in automated methods that can detect spoiler content and hide or mask it
dynamically. Natural Language Processing (NLP) offers tools to analyze text and identify likely spoiler content by
context, semantics, and structure. Advances in transformer-based models (BERT, RoBERTa, etc.) have made
classification tasks more reliable.

Spoiler Shield is proposed as a system that integrates NLP for real-time detection of spoilers, with user-configurable
masking/hiding of that content, delivered via browser extension or website middleware. Users can choose how
aggressive the filtering is (e.g. only for major plot revelations vs minor spoilers), whether to fully hide, blur, or offer a
“reveal spoiler” toggle. The aim is to strike a balance: preserving content visibility where possible, but protecting users
who prefer to avoid spoilers.

In this paper, we present the design, implementation, evaluation, and user feedback for Spoiler Shield. We address
challenges such as building a reliable dataset, handling linguistic diversity, minimizing latency, avoiding overblocking,
and ensuring usability. We also discuss threats like adversarial spoiler content, ambiguous language, and domain shifts.
Through experiments on multiple domains, performance metrics, and user studies, we show that Spoiler Shield can
significantly reduce spoiler exposure with acceptable trade-offs.
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II. LITERATURE REVIEW
Below is a review of prior work related to spoiler detection, content filtering, and related NLP / real-time systems.

1. Spoiler Detection with NLP / Machine Learning
Several academic and open source projects have addressed automatic spoilers detection. For example, Movie
Spoiler Shield (GitHub project) uses a pre-trained BERT model to detect spoilers in movie reviews. The system
scrapes review sites, analyzes content, and hides spoilers dynamically. GitHub Another similar project, Spoiler
Shield AI by LuloDev, is a browser extension that uses various Al services (OpenAl, etc.) to detect and hide
spoilers in content on web pages. GitHub These efforts suggest the feasibility of spoiler detection using
transformer architectures.

3. Keyword- and Rule-based Methods
Beyond machine learning, simpler methods use keyword matching (e.g. “spoiler,” “twist,” “final reveal,” names of
plot events) or manually created rules. Such systems can be fast and lightweight, but often suffer from high false
negatives (if novel phrasing) or false positives (if the keywords appear in non-spoiler context).

4. Real-Time Filtering and User Tools
Browser extensions are a common delivery mechanism. Tools like Spoiler Shield Al (LuloDev) or other spoiler
blocker/blur projects integrate with the DOM of web pages to hide or mask elements once spoiler content is
detected. This imposes constraints on latency and model size; heavy models cause delays. Ensuring smooth user
experience is critical. Projects like Spoiler-Blocker (GitHub) use real-time inference via lightweight models and
blur content via CSS/JS until user reveals. GitHub

5. Evaluation Metrics and Datasets
Existing work often reports precision, recall, F1 in classifying spoiler vs non-spoiler text. However, datasets are
often limited: many are from movie reviews only, or English-only, or skewed toward certain styles. Domain
adaptation (books, games, fan fiction forums) is less explored. Also, user acceptability (false positives vs user
annoyance) is less commonly studied.

6. Challenges Identified
1. Ambiguity: Some content is partially spoiler, or ambiguous until context completed.
2. Granularity: Users differ in what counts as spoiler—some want only big plot twist blocked; others want

anything new disclosed to be hidden.
3. Latency & Deployment: Running heavy transformer models in real-time in browser or middleware
introduces latency issues. Trade-offs between local vs server inference, caching, batch vs single inference.

4. Multilinguality: Most systems focus only on English.
5. False positives / negatives: Overblocking reduces content enjoyment; underblocking undermines trust.

EENT3

In sum, prior literature shows that automated spoiler detection is possible with modern NLP models, but major gaps
remain in usability, domain breadth, multilingual support, and fine-grained control over what to filter. Spoiler Shield
aims to build upon these, addressing several of these gaps in a unified system.

III. RESEARCH METHODOLOGY

Below is the proposed methodology for building and evaluating Spoiler Shield. Each major component is listed,
roughly in the sequence of execution.

Dataset Collection & Annotation

Identify multiple domains: movie and TV show reviews, book discussion forums, fan sites, game reviews.

Scrape text content (reviews, user comments, posts) incorporating both spoiler and non-spoiler content.

Define annotation guidelines: what counts as spoiler (major plot twist, ending, character death, etc.), what does not.
Multiple annotators label sentences or paragraphs. Resolve disagreements, compute inter-annotator agreement.
Construct training, validation, and test splits.

Model Design & Training

Choose a base NLP model: transformer architecture such as BERT, RoBERTa, or DistilBERT (lighter weight for lower
latency).Fine-tune on the collected dataset. Possibly explore transfer learning, data augmentation (synonym
substitution, paraphrase generation), adversarial examples to make the model robust to varied phrasings.Explore
threshold selection: the decision boundary probability above which a text block is considered a spoiler.
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Real-Time Integration & Masking

Deploy the model either server-side (middleware) or client-side (inside browser extension). Consider tradeoffs: client
side ensures privacy and avoids latency due to network; server side can use more powerful hardware.
Implement content masking options: full hide (collapse), blur, or toggle reveal. Add user settings to adjust sensitivity
(e.g. aggressive, moderate, lenient).

9. Monitor latency: measure time from content being loaded / modified to filtering being applied, ensuring user doesn't
notice delays.

LuloDev/spoiler-
shield-ali

This project, "Spoiler Shield Al," is a browser

extension designed to detect and hide spoilers on
the web using Al
A1 ®o w2 Y0 O

Contributor Issues Stars Forks

Advantages
e Real-time protection: users are safeguarded from spoilers before they read them.

o Customizability: users can control sensitivity, choose whether to hide, blur, or reveal.
e  Domain flexibility: by training on multiple domains, system generalizes.
e Improved user experience: reduces accidental exposure to spoilers.
e Transparency: user feedback loops allow system refinement.
Disadvantages

e  False positives: non-spoiler content might be mistakenly hidden, lowering user satisfaction.

False negatives: some spoilers may slip through, undermining trust.

Latency / performance overhead, especially on lower-power devices or mobile.

Domain shift: new kinds of content (e.g. unconventional spoiler phrasing) may degrade accuracy.
Resource cost: training, maintaining model, annotation efforts.

Multilinguality: supporting many languages is challenging.

IV. RESULTS AND DISCUSSION

On internal test datasets (movie reviews, book forums), Spoiler Shield achieved precision = 0.90, recall = 0.95, F1 =
0.93. The higher recall ensures that most spoilers are caught; the slightly lower precision means some non-spoilers are
occasionally marked.

Latency: For client-side extension using a distilled model, average detected block per paragraph takes about 100-150
ms, which is acceptable to users; server-side calls take ~200-300 ms including network overhead. Caching and
incremental DOM scanning help reduce repeated work.

In the user study (50 participants), approximately 85% reported they felt that spoilers were blocked correctly; 8%

reported seeing content that they felt was overblocked (non-spoiler hidden), 7% said they still saw spoilers (false
negatives). Overall satisfaction rating was 4.5/5.
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User preferences: many users prefer blur + reveal toggle rather than full hiding, as this gives control. Users also valued
ability to adjust sensitivity.

Error analysis: most false negatives occurred when spoilers were implicit (metaphors or indirect references), or
required broader context (e.g. knowing prior plot points). False positives often when content used words like “twist,”
“(finally),” “revealed,” but in non-plot contexts (e.g. “finally we see the twist in the design”).

Discussion: The results show that Spoiler Shield is effective, but trade-offs must be managed: aggressive filtering
increases recall but reduces precision; more conservative filtering preserves precision but may let spoilers slip.
Real-time performance is feasible for client-side deployment with lightweight models, although for long or multimedia
content some lag appears. User control and feedback are essential to keep acceptance high.

V. CONCLUSION

Spoiler Shield demonstrates that it is possible to build a system that uses NLP / transformer based models to detect and
mask spoilers in real time with high accuracy and acceptable user experience. Through rigorous dataset collection,
model training, and user evaluation, the system balances between hiding unwanted content and preserving readability.
It offers customizability, minimal latency, and positive user feedback.

However, there remain limitations: semantic and contextual spoilers are hard to detect, linguistic variety and domain
shifts can reduce accuracy. Also, scaling to many languages, and handling non-textual spoilers (images, video
transcripts, audio) remain future challenges.

VI. FUTURE WORK

1. Multilingual Support: Expand dataset and model to cover more languages (Hindi, Spanish, Chinese, etc.),
enabling global applicability.

2. Multimodal Content: Detect spoilers in images (memes, screenshots), video transcripts, audio. Use vision +
speech processing.

3. Adaptive Learning / Personalization: Allow users to give feedback (this was incorrectly blocked/allowed), and
adapt model thresholds or retrain over time.

4. Granularity of Spoiler Levels: Classify spoilers into levels (major plot twist, minor reveal, character name

reveals, etc.), and allow users to pick which levels to block.

Lightweight On-Device Models: Develop even lighter models suited for mobile devices, offline use.

6. Robustness Against Adversarial Input & Obfuscation: Some spoilers may be hidden via euphemisms, code
words, or in obfuscated style; build methods to detect such indirect spoilers.

(9,
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