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ABSTRACT 
Online misinformation has made automated false news identification a significant natural language processing task. This study examines two possible architectures to detect English-language news content: Bidirectional Encoder Representations from Transformers (BERT) and Long Short-Term Memory (LSTM). It also produces TruthAI, a multi-page teaching website that describes the research's goal, candidate datasets, model principles, methodology, evaluation measures, and ethical considerations. The anticipated empirical approaches include preprocessing labelled benchmark data, training both architectures under similar conditions, and evaluating accuracy, precision, recall, and F1-score on an unchanged test set. 
Nevertheless, examination of the provided artefacts reveals that the current deliverable is not a deployed artificial intelligence system, but rather a front-end prototype. Four trigger phrases and preset percentages are used by the detector's JavaScript; no dataset copy, Test predictions, a confusion matrix, a preprocessing notebook, training weights, and a backend inference service were provided. As a result, the website's performance numbers are not considered research findings and cannot be independently validated. The finished product is honestly assessed as a replicable development specification for future model integration and as an instructional web prototype. Functional inspection finds broken navigation links, missing validation, inadequate accessibility support, and a misleading presentation of model confidence in addition to confirming the existence of the main pages and demonstration interaction. The report suggests doing cross-domain and accessibility testing, documenting dataset provenance and splits, reporting per-class results from real predictions, substituting fixed rules with a documented inference API, and presenting automated output as decision support rather than fact verification. This evidence-based scope provides a clear route from the existing prototype to a testable research system while maintaining academic authenticity.
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1.0 INTRODUCTION  
The Truth AI prototype and the Fake News Detection Using AI project are presented in this chapter. It clearly distinguishes between intended machine-learning experiments and the software that is clearly present in the provided files while defining the challenge, aim, objectives, and scope.

1.1 Background 
The detection of fake news is typically presented as a classification challenge wherein computational techniques estimate a label based on content, social context, source information, or propagation behaviour. Conventional machine learning, recurrent neural networks, transformers, and graph models are all covered in a recent survey [1]. Additionally, text is combined with visual or video evidence in multimodal systems [2]. These methods address various iterations of the issue. A text-only classifier can identify statistical patterns in language, but it cannot independently verify the veracity of every assertion.
LSTM networks are capable of capturing dependencies throughout a text by processing sequences repeatedly. Ali et al. identify bogus news using linguistic characteristics and a bidirectional LSTM [3]. LSTM variations and attention mechanisms are assessed by Padalka et al. [4]. Instead, as Fake BERT [5] shows, BERT-based systems refine contextual transformer representations. Subsequent research examines a GPT-BERT hybrid [7] and adversarial robust BERT systems [6]. It is not permitted to transfer published performance to another project without replication; their reported scores are still unique to their data, preparation, and test procedures.


Truth AI was designed as an educational interface around this comparison. The supplied files include HTML pages for the home page, project description, datasets, methodology, models, results, ethics and detector, together with a shared stylesheet and JavaScript file. This is useful evidence of front-end development. It is not evidence that LSTM or BERT was trained.



1.2 Problem Statement  
The research problem is to compare a sequential model and a transformer fairly on labelled news text while controlling dataset leakage, imbalance, domain dependence and evaluation bias. Hamed et al. identify dataset quality and feature representation as continuing challenges [8]. Shah and Ganatra highlight limitations in existing detection models [9], while Villela et al. examine discrepancies between datasets and algorithms [10]. Instead of general indicators of false information, a model can achieve a high score by learning themes, publisher names, or formatting artefacts.
A second issue is brought about by the provided implementation. The results page reports 96% accuracy, 95% precision, 94% recall, and 95% F1-score; however, there are no predictions or class counts in the project package from which these figures can be computed. By default, the detector sets 'REAL NEWS' with fixed 90% and 96% values; when the input contains 'stunning', '100%', 'miracle', or 'click here', it switches to 'FAKE NEWS' with 95% and 98%. I am unable to verify that any experiment produced the reported percentages. It would be deceptive to treat them as outcomes.


1.3 Objectives  
The objective is to develop and critically assess a repeatable method for comparing LSTM and BERT in textual fake news classification, and to disseminate that method via the Truth AI educational website.


	ID
	Objective

	O1
	Critically review recent academic research on fake-news detection, LSTM, BERT, datasets and responsible evaluation.

	O2
	Specify a reproducible dataset, preprocessing, training and testing procedure.

	O3
	Design and, where supported by evidence, implement comparable LSTM and BERT classifiers.

	O4
	Evaluate genuine predictions using accuracy, precision, recall, F1-score and a confusion matrix.

	O5
	Develop and assess the Truth AI educational website.

	O6
	Analyses bias, explainability, privacy, false classifications and responsible use.


Table 1 lists the project's goals and standards for evidence. Source: provided artefacts and project objectives.



1.4 Scope of the Project  
Supervised English-language text classification is the planned area of study. Although FakeNewsNet, LIAR, and a Kaggle dataset are listed as potential choices, the files provided do not specify the precise downloaded version or demonstrate that any of them were utilised. The HTML, CSS, and JavaScript front end comprise the validated software scope. The completed proof does not include model training, backend inference, live fact retrieval, authentication, or production deployment. 
Pages, navigation, input behaviour, and accessibility can all be tested on a website. Reproducible predictions and an unaltered labelled test set are necessary for model evaluation. No user count, satisfaction score, or qualitative quotation were recorded because neither participant records nor full questionnaires were provided.

1.5 Dissertation Structure  
 In Chapter 2, the research gap is identified and recent literature is reviewed. The development and research technique is defined in Chapter 3. The validated implementation is documented in Chapter 4. Reproducible inspection results and limits are reported in Chapter 5. In contrast to the goals, Chapter 6 offers suggestions for further research. Chapter 7 considers the procedure. Cited sources are included in references, while code snippets, tests, and recommended future study tools are listed in appendices.
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2.0 Introduction 
The literature reviewed in this chapter was mostly published after 2021. It focuses on techniques and topics related to the project's suggested LSTM-BERT comparison, including robustness, explainability, metrics, datasets, representations, and ethical boundaries.

2.1 Review existing research and related works.  
Research on detecting false news today makes use of multimodal, context-based, and content-based evidence. While context-based systems include details about sources, users, or diffusion, content-based systems assess headlines or article text [1]. Text and graphics or video are combined in multimodal systems [2]. Because tasks, labels, and datasets vary greatly, it is impossible to assume that a single design will dominate any domain. Because of this, citing the top score from unrelated experiments is less significant than controlled comparison.
Although deep learning methods are sensitive to data generation, they are able to learn representations without requiring considerable manual feature design. Hu et al. classify deep learning techniques according to the features and network architectures they employ and pinpoint the need for more robust generalisation [11]. Similar difficulties with datasets and evolving disinformation patterns are reported by Hamed et al. [8]. Small linguistic changes can jeopardise robustness, as recent work on adversarial news classification shows [12].

Fake-news identification is not restricted to a single model family, according to comparative studies. Alghamdi et al. contrast deep learning with machine learning methods [13]. Bezerra assesses a modified voting ensemble [15], whereas Garg and Sharma investigate linguistic and account-related aspects [14]. Deep-learning ensembles are studied by Almandouh et al. [16]. Model limitations, datasets, and theoretical frameworks are reviewed by Harris et al. [17]. Alshuwaier and Alsulaiman evaluate machine-learning and deep-learning algorithms and future directions [19], whereas Mouratidis et al. discuss current machine-learning tactics [18]. When taken as a whole, these studies encourage testing techniques using a specified dataset and process rather than supposing that a single architecture is optimal for all situations.




2.2 Detection Based on LSTM 
Gated recurrent units are used by an LSTM to determine which sequential data to update, expose, and keep. Tokens are transformed into embeddings in a text classifier, then they go through one or more recurrent layers before being mapped to a label via a dense output layer. By processing the sequence in both directions, a bidirectional LSTM can enhance access to the context that comes before and after.
coupled Bi-LSTM classification with language characteristics [3]. Padalka et al. assessed focus on WELFake and LSTM versions [4]. Because LSTM's pipeline is very small and requires fewer resources to train than a full transformer, these studies support LSTM as an interpretable project baseline. However, tokenisation, vocabulary, sequence length, embedding selection, regularisation, and split design all affect performance. A good in-domain result does not guarantee that the model will continue to be accurate when applied to different topics or publishers.
The task is also altered by the application domain. For COVID-19 rumour detection, Al-Sarem et al. mix LSTM with parallel convolutional networks [20]. This is pertinent evidence for a hybrid recurrent design, but its domain-specific results cannot be regarded as generic news-classification performance.



2.3 Detection Based on BERT 
A pretrained transformer encoder, BERT generates contextual token representations. In fine-tuning, model parameters for labelled instances are updated and a classification head is added. BERT and convolutional components are combined in FakeBERT to detect social media [5]. A multi-domain, two-tiered design is employed by BERTGuard [6]. Convolutional and transformer models are compared by Roumeliotis et al. [21], while Dhiman et al. suggest a GPT-BERT hybrid [7]. 
Contextual representation, as opposed to an innate capacity for fact verification, is BERT's benefit. Shortcuts in datasets are still exploitable. Additionally, compared to a modest recurring baseline, it demands more memory and compute. Costs can be decreased by distilled or domain-adapted variations, but a meaningful comparison needs to document the model version, maximum token length, learning rate, epochs, batch size, random seed, and hardware.



2.4 Datasets 
A benchmark's collection and labels dictate what a model can learn, hence it is not neutral. According to the publication and dataset record that goes with it, WELFake integrates several sources and has 72,134 articles [22], [23]. Fake Newsnet is mentioned as a candidate resource named by the project rather than being included in the report's 2021–2026 academic references since it offers news material along with social-context and spatiotemporal information, although its original publication occurred before the five-year reference window. LIAR has brief political declarations as opposed to complete pieces, and it also comes before the window. If these datasets be combined without thorough label mapping, distinct tasks may be mixed.
Because Kaggle hosts several independently submitted collections, the term "Kaggle Fake News Dataset" is confusing. The owner, title, URL, license, file checksum, retrieval date, columns, label coding, and quantity of useful records must all be listed in a reproducible report. That information is not present in the project files as of right now. The most obvious recent contender is WELFake, but even its combined composition needs to be checked for source leaks and duplicate text [22], [23].

2.5 Experimental Validity and Preprocessing 
Only characteristics unrelated to the study question should be eliminated during preprocessing. LSTM and pretrained transformers may be affected differentially by lowercasing, punctuation removal, and stop-word removal. It would not be theoretically proper to force both models through similar token IDs because BERT often requires its own subworld tokenizer and special tokens. Instead, fairness is applying the documented tokenizer that each architecture requires while maintaining the same underlying instances and labels.
Prior to dividing, duplicate detection must take place. Because they allow for memorisation, nearly identical articles across train and test partitions can inflate assessment. While a validation set facilitates model selection without affecting the final test set, stratification maintains label proportions. Source-based or chronological divides are more effective than random row splits when the intended application involves new publishers or time periods [9].
2.6 Metrics for Evaluation 
When labels are unbalanced, accuracy can mask poor minority-class performance. Recall shows the percentage of tagged phoney items discovered, whereas precision shows the percentage of false predictions that are accurate. These two numbers are balanced by F1. Therefore, per-class measurements and a confusion matrix offer more valuable evidence than accuracy alone. Error analysis, repeated seeds, and confidence intervals would all improve comparison.

2.7 Ethics, Bias, and Explainability 
Because a misleading label could undermine confidence in reliable reporting, explainability is crucial.    Explanations still need to be handled carefully: emphasising key terms characterises exemplary behaviour but does not establish the falsity of the emphasised assertion. 
Topic, political inclination, geography, language, publisher selection, and labelling practices can all contribute to dataset bias. Those patterns could be encoded by a model. Therefore, human assessment, an uncertainty policy, an appeal or correction route, logging proportionate to necessity, and explicit communication of constraints are all necessary for responsible deployment. If user-inputted text or interaction records are kept, privacy is also important. Persistent storage is not included in the present static prototype, but a production backend would require a clear retention policy. 

Rather than being a feature of the current prototype, privacy-preserving training is one potential line of inquiry. In order to detect bogus news, Machová, Mach, and Balara look at federated learning, which distributes model training across dispersed data sites [27]. Their research encourages taking decentralised training into account when data sharing is limited, but it does not eliminate the necessity to assess model bias, security, and value.


2.8 LSTM-BERT Comparison

	Dimension
	LSTM
	BERT

	Representation
	Learned embeddings and recurrent sequence state
	Pretrained contextual subword representations

	Compute
	Usually lower for a compact baseline
	Usually higher during fine-tuning and inference

	Long context
	Sequential processing can be a limitation
	Self-attention captures broad contextual relations within token limit

	Reproducibility needs
	Vocabulary, sequence length, embeddings, seeds
	Checkpoint, tokenizer, token limit, learning rate, seeds

	Main risk
	Overfitting limited vocabulary or sources
	Shortcut learning despite rich representations

	Role in project
	Transparent sequential baseline
	Contextual transformer comparator


Table 2. Conceptual LSTM and BERT comparison, synthesized from [5]
2.9 Rationale and Research Gap
Numerous high scoring models can be found in the literature, although comparisons are frequently challenging because to differences in datasets, splits, and preprocessing. A transparent same-data comparison with comprehensive provenance, repeatable settings, error analysis, and a public-facing interface that indicates uncertainty is the useful gap for a student project, not another unsupported accuracy claim. If Truth Ai’s educational front end is linked to real experiments and all shown values are produced from traceable outputs, it can close this gap.

2.10 Chapter Summary
The literature backs BERT as a contextual comparison and LSTM as a sequential baseline. Additionally, it demonstrates the importance of dataset design, leakage, domain shift, interpretability, and ethical communication. The methods in Chapter 3 is shaped by these discoveries.
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3.0 Introduction 
This chapter outlines an approach that separates finished prototype work from the experimental procedure needed to finish the AI comparison.

3.1 System Development Approach  
Since navigation, content, and interaction can be produced and examined in little steps, an iterative prototyping approach is suitable for the website. A controlled experimental strategy is needed for the machine-learning study: freeze a version of the dataset, make reproducible partitions, define an LSTM baseline, optimise BERT, test once on the held-out test set, and maintain configurations and predictions.

The evidence supplied shows that the website iteration reached a static front-end stage. It does not show completion of the experimental cycle. The methodology below is therefore partly retrospective for the front end and partly a reproducible specification for the unfinished model component.

3.2 Tools & Technologies  
JavaScript is used for the demonstration interaction, HTML is used for structure, and CSS is used for presentation in the confirmed implementation. Python, TensorFlow or PyTorch, Hugging Face Transformers, scikit-learn, Pandas, NumPy, Jupyter Notebook, and Visual Studio Code are all mentioned in the original planning paper. Although certain tools are appropriate for the suggested workflow, their inclusion in a plan does not guarantee that they were used. There was no notebook or Python file provided








3.3 System Requirements 

	ID
	Requirement
	Verified status

	F1
	Navigate between the principal educational pages
	Partly met

	F2
	Accept news text and display a demonstration output
	Met as rule-based demo

	F3
	Run trained LSTM inference
	Not evidenced

	F4
	Run trained BERT inference
	Not evidenced

	F5
	Display metrics calculated from a stored test result
	Not evidenced

	NF1
	Responsive presentation on common screen sizes
	Partly supported by CSS

	NF2
	Keyboard-operable controls and visible focus
	Not fully evidenced

	NF3
	Clear distinction between education, prediction and verified fact
	Not met

	NF4
	Reproducible experiments and traceable model version
	Not met

	NF5
	No unnecessary storage of submitted text
	Met by current static code


Functional and non-functional needs are listed in Table 3. The provided source files determine the status.



3.4 System Architecture & Design  
Now, the architecture is fully client-side. Static pages are loaded by a browser, while script and appearance are managed by the shared stylesheet. Before writing a label and fixed percentages into the document, js reads content from the detector text area. Network requests, server routes, databases, and model runtime are all absent.

The browser user interface (UI) → HTTPS inference API → preprocessing/tokenization → versioned LSTM and BERT models → structured JSON outcome would be distinct concerns in a legitimate goal design. Instead of being entered into HTML, evaluation metrics ought to be produced offline from a versioned test-prediction file. The model version, label definition, uncertainty, and a caution that the outcome is not independent fact verification should all be shown on the user interface.






3.5 Data Collection & Processing (If applicable)  
  It only suggests secondary benchmark data. A dataset card with provenance, license, fields, label definitions, and known constraints should be created by the researcher prior to use. Empty records should be eliminated, labels should be normalised, exact and near duplicates should be found, and raw text should be preserved. Hashes of divided files and a fixed random seed should be noted.
1. Obtain a single licensed version of the documented dataset. 
2. Examine the distribution of topics, source balance, labels, duplicates, and missing values. 
3. Prior to feature development, create train, validation, and unaltered test partitions. 
4. Make use of an LSTM tokenizer or vocabulary that was exclusively trained on training data. 
5. Use the chosen BERT checkpoint in conjunction with the official tokenizer. 
6. Save split IDs, seeds, dependency versions, and preprocessing code.

3.6 Model Development
An embedding layer, bidirectional LSTM, dropout, and sigmoid output could all be used in a defensible LSTM baseline. The selection of hyperparameters ought to be based on validation performance. A named checkpoint with a classification head should be refined using the BERT experiment. Prior to test evaluation, the model-selection rule, maximum epochs, and early halting must be established. The label mapping and underlying partitions should be the same for both systems.

3.7 Evaluation Procedure
The final evaluation should load the saved model selected on validation data, generate one prediction per test item, save probabilities and labels, and compute the confusion matrix and per-class metrics. Results should be repeated across multiple seeds where resources allow. Error analysis should sample false positives and false negatives without disclosing copyrighted text unnecessarily.

3.8 Website Testing Procedure
The present report uses static source inspection and deterministic functional checks that can be reproduced from the supplied files. It does not claim a human usability study. Future usability testing should obtain consent, use predefined tasks, avoid collecting sensitive news submissions and report participant characteristics only in anonymised aggregate form.

3.9 Ethical Considerations
When an automated fake-news classification is inaccurate, it might damage one's reputation. The target system should steer clear of definitive language, offer a threshold for ambiguity, and direct situations that are on the verge of being reviewed by humans. Political, geographic, and topical coverage training data should be recorded. By default, user-entered stuff shouldn't be kept. Any study that involves participants must adhere to the consent and ethics policies of the university.
3.10 Synopsis of the Chapter
The suggested approach is repeatable and distinguishes between unfinished model development and the verified front end. Before model performance can be claimed, it offers the necessary records.

CHAPTER 4 - DESIGN AND IMPLEMENTATION

4.0 Introduction
Only features that are visible in the provided project package are covered in this chapter.

4.1 Design of Interfaces
Truth AI employs a pale page background, card-based content blocks, a blue accent colour, and a dark blue header and navigation bar. All of the provided pages use the same visual system. The project's purpose, goals, models, candidate datasets, methodology, reported results, and ethical considerations are all explained on the website.
Instead of being data-intensive, the design is instructional. Scanning is supported by brief paragraphs and cards; however, the text occasionally displays anticipated capabilities as finished facts. Stronger status marking is especially needed on the detector and results pages.



4.2 Page Implementation
	File
	Purpose
	Evidence status

	index.html
	Home page and project summary
	Present

	about.html
	Aim and objectives
	Present

	database.html
	Candidate dataset descriptions
	Present; filename conflicts with links

	methodology.html
	Pipeline summary
	Present

	models.html
	LSTM and BERT descriptions
	Present

	results.html
	Four fixed metric values
	Present; unverified

	ethics.html
	Bias, privacy and responsibility topics
	Present

	detector.html
	Textarea, button and output region
	Present

	style.css
	Shared visual styling
	Present

	script.js
	Rule-based demonstration logic
	Present


Table 4: Inventory of verified implementations. Source: TruthAI files provided.

4.3 Logic of Detectors 
Text area input is changed to lower case using the predict() method. It initialises lstm=90, bert=96, and result='REAL NEWS'. The label is changed to "FAKE NEWS" and the values are changed to 95 and 98 if any of the four substrings are present. These values are then written to the page. Text that is empty is accepted. This is not LSTM or BERT inference; rather, it is a deterministic keyword rule. 
The four triggers are not essential or sufficient markers of false information. While dishonest information can omit all four terms, a genuine article might use "100" or "miracle." Additionally, the fixed values are not calibrated probabilities. Thus, until it is replaced, the interface should be called "demonstration rule."

4.4 Problems with Navigation and Content
Several pages link to datasets.html, but the supplied file is database.html. In a typical deployment, this results in a broken navigation target. Access is inconsistent because different pages have different navigation menus. The provided files contained no explicit keyboard focus styling, skip link, or active page indication.

4.5 Model Integration Goals 
A single backend endpoint that accepts text, verifies length, and provides model name, version, predicted class, likelihood, and explanation metadata should be exposed in the next iteration. Instead of using risky HTML, the browser must escape or insert output as text. Prior to public distribution, rate limitation, error handling, and privacy notifications would be required.


4.6 Restrictions on Implementation 
· There was no Python inference or training code provided.
· No data card, train/validation/test split, or downloadable dataset was provided
· .Neither BERT nor trained LSTM weights were provided. 
· There is no backend service that links a model to a website.
· The results page is not supported by a prediction file or confusion matrix.
· No accessibility audit or usability session records were provided.

4.7 Synopsis of the Chapter 
Although Truth AI is a well thought out educational front-end prototype, neither its detector nor its outcomes use or validate AI models. The evaluation revolves around this classification of the deliverable.

CHAPTER 5 - TESTING AND EVALUATION
5.0 Introduction 
Testing assesses the accessible JavaScript logic as well as the static webpage. Without labels and predictions, model performance cannot be assessed.



5.1 Functional Inspection Results
	Test
	Expected/area
	Evidence
	Outcome

	T01
	Required HTML/CSS/JS files present
	Inspect supplied package
	Pass

	T02
	Detector labels ordinary text
	Enter text without trigger phrase
	Pass: fixed REAL NEWS

	T03
	Detector reacts to trigger
	Enter text containing 'miracle'
	Pass: fixed FAKE NEWS

	T04
	Empty input validation
	Submit empty textarea
	Fail: result still produced

	T05
	Dataset navigation
	Follow datasets.html links
	Fail: supplied target is dataset.html

	T06
	Trained LSTM request
	Inspect JavaScript/network calls/model files
	Fail: none present

	T07
	Trained BERT request
	Inspect JavaScript/network calls/model files
	Fail: none present

	T08
	Metric traceability
	Locate predictions/confusion matrix
	Fail: none supplied

	T09
	Persistent collection
	Inspect code for storage/network submission
	Pass: none found

	T10
	Consistent navigation
	Compare menus across pages
	Partial


Table 5: Results of the functional inspection. The provided source package is the basis for the tests.



5.2 Assessment of Metrics Shown 
The website shows 96% accuracy, 95% precision, 94% recall, and 95% F1-score. There are no available TP, TN, FP, or FN values. As a result, it is difficult to examine the internal consistency of these statistics or replicate them. I am unable to verify them as project outcomes. They ought to be eliminated or designated as illustrative placeholders. 
A conditional branch chooses the constants that the detector displays as confidence values. They have not been calibrated and are not results of a probability model. It is technically incorrect to refer to them as LSTM and BERT confidence.

5.3 Assessment of Usability and Accessibility 
Semantic headers, links, a text area, and a button serve as the prototype's fundamental building blocks. Nevertheless, the source does not show a live area declaring the outcome, a form label programmatically linked to the text area, visible focus design, skip navigation, customisable text, or recorded colour contrast testing. The current technical standard for assessing such problems is WCAG 2.2 [28]. 
There was no real usability-test dataset. As a result, participant numbers, task completion rates, and satisfaction ratings are not included in this report. Future research could include navigation, warning comprehension, detector submission, uncertainty interpretation, and error recovery.


5.4 Privacy and Security 
The provided code does not establish a persistent data store because the existing static detector processes text locally rather than sending it to a server. This lowers the immediate risk to privacy. The threat model is altered by a future backend, which would allow supplied content to cross a network barrier, limit input size, reduce logs, and reveal retention.


5.5 Critical Evaluation Against Objectives
	ID
	Objective
	Status
	Evidence

	O1
	Literature review
	Achieved in report
	Recent research reviewed and cited.

	O2
	Reproducible procedure
	Specified, not executed
	Method and evidence requirements defined.

	O3
	Implement LSTM and BERT
	Not achieved in supplied artefacts
	Only keyword JavaScript exists.

	O4
	Evaluate genuine predictions
	Not achieved
	No predictions or confusion matrix.

	O5
	Develop Truth AI website
	Partly achieved
	Educational pages and demo exist; defects remain.

	O6
	Analyse responsible use
	Achieved conceptually
	Bias, explainability, privacy and errors discussed.


 Table 6: Objective assessment based solely on evidence provided.

5.6 Validity and Reliability 
Whether a process yields consistent results is a matter of reliability. Although the current rule generates reproducible results, it is not a reliable fake-news detector. Because truthfulness is not operationalised by trigger phrases, construct validity is weak. Since there is no test dataset or new-domain evaluation, external validity cannot be evaluated. Because there is no setup, code, or predictions, the model's performance cannot be replicated.


5.7 Overall Assessment 
As an early instructional prototype, the website is successful since it creates a visual identity, explains the purpose, and shows an interaction. The main goals of AI are still not met by it. Retaining it as a prototype, correcting false claims, and finishing the experiment before publishing model results is the most academically responsible course of action.

5.8 Brief Summary of the Chapter 
Testing finds faulty navigation, missing validation, and missing model evidence while confirming the deterministic rule and front-end artefacts. The metrics that are shown cannot be verified.

























CHAPTER 6 CONCLUSIONS AND RECOMMENDATIONS

6.0 Conclusion

This project created the Truth AI educational website and examined LSTM and BERT for the categorisation of fake news. Both architectures are supported by the literature as valid research methods; LSTM provides a sequential baseline, while BERT offers contextual pretrained representations. Additionally, it demonstrates that explainability, domain shift, dataset provenance, and leakage are just as significant as headline accuracy. 
A static webpage with a keyword demonstration serves as the confirmed implementation. It is not an AI detector that has been trained. The provided artefacts cannot be used to replicate the preset performance and confidence levels. As a result, the project's conceptual research design and educational front-end have been accomplished, but LSTM and BERT implementation and evaluation have not.

6.1 Recommendations

The methodological framework for this project calls for the selection of a single, well-defined dataset together with a thorough data card that includes information about its provenance, licence, labelling conventions, duplicate occurrences, and known restrictions. To guarantee complete reproducibility, immutable train, validation, and test splits must be maintained, and their generation scripts and related hashes must be made publicly available. A fully documented LSTM baseline and a named BERT checkpoint should be implemented within these fixed partitions to allow for controlled comparison under the same experimental conditions. For the purpose of calculating evaluation metrics and producing visualisations, all test-set predictions should be saved and utilised exclusively. Experiments must be extended using source-based or chronological cross-domain testing and performed over several random seeds in order to improve robustness. A safe inference API that makes model and version metadata public should take the place of the current rule-based detector. Any performance claims or percentages that cannot be independently confirmed ought to be eliminated or marked as illustrative placeholders. Careful language, such as model estimate, should be used throughout the reporting along with clear procedures for human review and independent evidence verification. Repairing dataset linkages, performing empty-input and length checking, standardising navigation, and finishing WCAG 2.2 accessibility testing are additional requirements for technical reliability. Lastly, instead of reconstructing participant input after the fact, the project must contain an authentic, consented usability research that keeps anonymised task logs.

6.2 Future Projects 
Compact transformer variations might be compared, calibration analysis could be done, and explanation techniques could be added in future study. Additionally, a more robust system would distinguish between the retrieval of evidence and the classification of disinformation. The retrieval component would offer pertinent reliable sources, while the classifier would flag content for examination. Instead of being referred to as automatic truth determination, any such expansion ought to be assessed individually.























CHAPTER 7 - REFLECTION

7.0 Reflection 
The project serves as an example of the importance of transforming an abstract concept into a tangible prototype. Making choices about information hierarchy, visual coherence, and how to convey technical ideas to a non-expert reader were necessary when creating multiple connected pages. 
The outcome offers a concrete basis that can be proven and enhanced. The primary takeaway is the distinction between interface completeness and research completeness. Even without the necessary supporting data, a well-designed results page might appear credible. Examining the JavaScript made this gap quite evident. In subsequent projects, I would create the experiment and proof structure before writing the content of the results: dataset card first, split script second, saved configuration and forecasts third, and website metrics generated last.
Additionally,ss
I discovered that comparing models calls for more than just training two algorithms. The same examples and label mapping are necessary for fairness, but each architecture still requires the proper tokenizer and hyperparameters. Seeds, software versions, model checkpoints, and retained outputs are all necessary for reproducibility. These procedures would facilitate the defence of the work in a viva.
Using evidence-based milestones, such as dataset approval, baseline reproduction, transformer fine-tuning, test set evaluation, error analysis, API connection, and accessibility checks, could enhance project management. Computational limits and missing data records would have been found sooner with a risk registry. Uncertainty regarding which numbers correspond to which run might be lessened with version control and an experiment record. In terms of ethics, the project altered my perception of what a fake-news detector is capable of. A classifier does not understand truth in the human sense; instead, it learns patterns from tagged samples. Users may be misled by definitive labels and high fixed confidence. Future designs ought to convey ambiguity, encourage human assessment, and refrain from needlessly keeping contributed text. 
In general, the work has improved abilities in system specification and evaluation, critical literature analysis, and web design. Being truthful about the current situation is the most crucial development. It is more effective to show TruthAI as an instructional prototype with a well-defined completion schedule rather than as unsupported AI performance.
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APPENDICES
Appendix A - Supplied Source Inventory
•HTML: index, about, database, detector, methodology, models, results and ethics pages.
•CSS: style.css.
•JavaScript: script.js.
•Earlier project report and PowerPoint presentations.


index.html
<!DOCTYPE html>
<html>
<head>
<title>TRUTH AI</title>
<link rel="stylesheet" href="style.css">
</head>
<body>

<div class="navbar">
<a href="index.html">Home</a>
<a href="about.html">About</a>
<a href="detector.html">Detector</a>
<a href="models.html">Models</a>
<a href="datasets.html">Datasets</a>
<a href="methodology.html">Methodology</a>
<a href="results.html">Results</a>
<a href="ethics.html">Ethics</a>
</div>

<div class="hero">
<h1>TRUTH AI</h1>
<p>Fake News Detection using LSTM & BERT</p>
</div>

<div class="container">
<div class="card">
<h2>Welcome</h2>
<p>
TRUTH AI is an AI-powered system designed to detect fake news using
Natural Language Processing (NLP) and Deep Learning.
</p>
</div>
</div>

</body>
</html>
about.html
<!DOCTYPE html>
<html>
<head>
<title>About - TRUTH AI</title>
<link rel="stylesheet" href="style.css">
</head>
<body>

<div class="navbar">
<a href="index.html">Home</a>
<a href="about.html">About</a>
<a href="detector.html">Detector</a>
</div>

<div class="container">

<div class="card">
<h2>Project Aim</h2>
<p>
To design and evaluate an AI system that detects fake news using LSTM and BERT.
</p>
</div>

<div class="card">
<h2>Objectives</h2>
<ul>
<li>Compare LSTM and BERT</li>
<li>Detect misinformation</li>
<li>Evaluate performance metrics</li>
<li>Analyse ethical risks</li>
</ul>
</div>

</div>

</body>
</html>

datasets.html
!DOCTYPE html>
<html>
<head>
<title>Datasets - TRUTH AI</title>
<link rel="stylesheet" href="style.css">
</head>
<body>

<div class="navbar">
<a href="index.html">Home</a>
<a href="datasets.html">Datasets</a>
</div>

<div class="container">

<div class="card">
<h2>FakeNewsNet</h2>
</div>

<div class="card">
<h2>LIAR Dataset</h2>
</div>

<div class="card">
<h2>Kaggle Fake News Dataset</h2>
</div>

</div>

</body>
</html>
detector.html
<!DOCTYPE html>
<html>
<head>
<title>Detector - TRUTH AI</title>
<link rel="stylesheet" href="style.css">
</head>
<body>

<div class="navbar">
<a href="index.html">Home</a>
<a href="about.html">About</a>
<a href="detector.html">Detector</a>
</div>

<div class="container">

<div class="card">
<h2>Fake News Detector</h2>

<textarea id="news" rows="10" style="width:100%">
Paste news article here...
</textarea>

<br><br>

<button onclick="predict()">Analyse</button>

</div>

<div class="card" id="result" style="display:none;">
<h2>Result</h2>
<p id="output"></p>
<p id="lstm"></p>
<p id="bert"></p>
</div>

</div>

<script src="script.js"></script>
</body>
</html>
ethics.html
<title>Ethics - TRUTH AI</title>
<link rel="stylesheet" href="style.css">
</head>
<body>

<div class="navbar">
<a href="index.html">Home</a>
<a href="ethics.html">Ethics</a>
</div>

<div class="container">

<div class="card">
<h2>Ethical Considerations</h2>
<ul>
<li>Bias in datasets</li>
<li>Fairness</li>
<li>Transparency</li>
<li>Explainability</li>
<li>False positives risk</li>
</ul>
</div>

</div>

</body>
</html>
methodology.html
<!DOCTYPE html>
<html>
<head>
<title>Methodology - TRUTH AI</title>
<link rel="stylesheet" href="style.css">
</head>
<body>

<div class="navbar">
<a href="index.html">Home</a>
<a href="methodology.html">Methodology</a>
</div>

<div class="container">

<div class="card">
<h2>Process Flow</h2>
<p>
Dataset → Cleaning → Tokenisation → LSTM → BERT → Evaluation → Comparison
</p>
</div>

</div>

</body>
</html>
models.html
<head>
<title>Models - TRUTH AI</title>
<link rel="stylesheet" href="style.css">
</head>
<body>

<div class="navbar">
<a href="index.html">Home</a>
<a href="models.html">Models</a>
</div>

<div class="container">

<div class="card">
<h2>LSTM Model</h2>
<p>Sequential deep learning model used for text classification.</p>
</div>

<div class="card">
<h2>BERT Model</h2>
<p>Transformer-based model with bidirectional context understanding.</p>
</div>

</div>

</body>
</html>
results.html
<html>
<head>
<title>Results - TRUTH AI</title>
<link rel="stylesheet" href="style.css">
</head>
<body>

<div class="navbar">
<a href="index.html">Home</a>
<a href="results.html">Results</a>
</div>

<div class="container">

<div class="card">
<h2>Evaluation Metrics</h2>
<p>Accuracy: 96%</p>
<p>Precision: 95%</p>
<p>Recall: 94%</p>
<p>F1 Score: 95%</p>
</div>

</div>

</body>
</html>
script.js 
let lstm = 90;
let bert = 96;
let result = "REAL NEWS";

if (
text.includes("shocking") ||
text.includes("100%") ||
text.includes("miracle") ||
text.includes("click here")
) {
result = "FAKE NEWS";
lstm = 95;
bert = 98;
}

document.getElementById("result").style.display = "block";

document.getElementById("output").innerHTML =
"Prediction: " + result;

document.getElementById("lstm").innerHTML =
"LSTM Confidence: " + lstm + "%";

document.getElementById("bert").innerHTML =
"BERT Confidence: " + bert + "%";
}
style.css
.hero {
  background: linear-gradient(135deg, #0b1f3a, #1e5aa8);
  color: white;
  padding: 100px;
  text-align: center;
}

.container {
  padding: 40px;
}

.card {
  background: white;
  padding: 20px;
  margin: 15px 0;
  border-radius: 10px;
  box-shadow: 0 4px 10px rgba(0,0,0,0.1);
}

button {
  padding: 10px 20px;
  background: #1e5aa8;
  color: white;
  border: none;
  cursor: pointer;
}
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