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Abstract

The rapid expansion of digital communication and Large Language Models (LLMs) has led to an unprecedented surge
in machine-generated content, raising significant concerns regarding academic integrity, misinformation, and content
authenticity. Distinguishing between human-written and Al-generated text manually is increasingly difficult due to the
sophisticated nature of modern Al outputs. This study proposes a deep learning-based framework to automatically
classify textual data into two categories: Al-generated and human-written.

The research utilised a comprehensive dataset of 28,747 records, which was subjected to a rigorous preprocessing
pipeline including data cleaning, tokenisation, stop-word removal, and stemming to ensure high data quality.
Exploratory Data Analysis (EDA) was performed to uncover structural differences, revealing that while human text
often exhibits a "long tail" in word distribution, Al-generated content follows more constrained and uniform patterns.

A Bidirectional Long Short-Term Memory (BILSTM) model was implemented for the classification task. By processing
text in both forward and backward directions, the BILSTM architecture captures deep contextual dependencies and
semantic relationships that traditional machine learning models often overlook. The model's performance was
evaluated using standard metrics, including accuracy, precision, recall, and F1-score.

The proposed BILSTM model achieved a high-test accuracy of 94.96%, outperforming the standard LSTM model and
demonstrating exceptional reliability in identifying text origins. These results highlight the effectiveness of bidirectional
deep learning architectures in handling complex natural language sequences. This system holds significant potential for
real-world applications in academic plagiarism detection, online content moderation, and Al content verification. Future
work includes extending the model to support multilingual datasets and integrating Transformer-based architectures
like BERT for enhanced linguistic understanding.

Keywords: Al-Generated Text Detection; Natural Language Processing (NLP); Deep Learning; Bidirectional LSTM
(BILSTM); LSTM; Text Classification; Human vs. Al Text; Word Embedding; Sequence Padding; Content Authenticity

1. Introduction

In the modern digital era, the rapid expansion of the internet and large language models (LLMs) has led to an
unprecedented growth of machine-generated data. Every interaction, including automated articles, Al-written reviews,
and synthetic social media posts, contributes to a massive volume of unstructured textual information. It is estimated
that a significant portion of digital content is now being influenced by generative Al tools. Platforms across the web have
become major repositories where both human-authored and Al-generated content coexist, creating a complex
landscape of information [1] [2]
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Traditionally, the authenticity of written content relied heavily on human expertise and identifiable authorship.
However, with the advancement of digital platforms and generative Al, this paradigm has shifted significantly. Today,
Al systems can generate human-like text that is often indistinguishable from content written by people. While this offers
opportunities for automated content creation, the increasing availability of Al-generated text has raised serious
concerns regarding authenticity, misinformation, plagiarism, and academic integrity. This challenge has led to the
emergence of automated detection techniques capable of distinguishing machine-generated patterns from human
expression [3]

Natural Language Processing (NLP) has emerged as a key technology in enabling machines to identify these differences.
NLP combines computational linguistics with machine learning techniques to process and analyse textual data.
However, human language is inherently complex, and Al models are now designed to mimic its nuances, contextual
variations, and evolving linguistic patterns. These challenges make it difficult for traditional computational models to
accurately interpret authorship [4]. Over the years, NLP has evolved through three major phases: Symbolic NLP,
Statistical NLP, and Neural NLP. The advent of Neural NLP, powered by deep learning architectures like BILSTM, has
significantly enhanced the ability of machines to understand deep contextual signatures in text [5], [6].

One of the most important applications of NLP in this domain is Al-Generated Text Detection. It involves identifying and
classifying whether a given piece of text was written by a human or generated by an artificial intelligence model. This
has significant applications in education, journalism, and social media moderation. For example, detecting Al-written
essays helps maintain academic integrity, while identifying synthetic news articles can reduce the spread of automated
misinformation. Additionally, Al detection enables the automated verification of large-scale datasets, ensuring that
digital content remains transparent and trustworthy [7], [8]

Despite its advantages, Al detection faces several challenges due to the sophistication of generative models. Advanced
Al can produce text that includes subtle human-like variations, making it difficult for simple models to correctly
interpret sentiment and authorship. Similarly, the structural rigidities often found in Al-generated text are best
identified through sequential analysis. These challenges highlight the limitations of traditional machine learning
approaches, which often treat words as independent units and fail to capture the sequential dependencies that reveal a
machine's “fingerprint” [9]

Earlier detection systems primarily relied on traditional machine learning techniques such as Naive Bayes and Support
Vector Machines. While these methods achieved moderate success, they depended heavily on manual feature
engineering. More importantly, they failed to capture the deep contextual nature of language, where the flow and order
of words are key indicators of authorship. Traditional models often struggle to differentiate high-quality Al text from
human writing due to their inability to analyse complex bidirectional context [10]

To overcome these limitations, deep learning approaches have been introduced, specifically Bidirectional Long Short-
Term Memory (BILSTM) networks. LSTMs are specifically designed to capture long-term dependencies in sequential
data, addressing the memory limitations present in standard neural networks. They can retain important contextual
information across long sequences, making them highly effective for authorship analysis. However, standard LSTM
models process data in a single direction, which limits their ability to fully understand the surrounding context [11]
[12].

Bidirectional Long Short-Term Memory (BILSTM) models enhance contextual understanding by processing text in both
forward and backward directions, enabling better capture of sentence semantics and improving detection accuracy. In
this study, a BILSTM-based deep learning model is developed to classify text as either human-written or Al-generated
using a balanced dataset of 28,747 labelled samples[13] By integrating advanced preprocessing and word embeddings,
the proposed system achieves efficient and accurate detection. The main objective is to design an automated model that
reduces the risk of misinformation and supports academic and digital integrity [14].

The main contributions of this work are summarised as follows:

e A robust deep learning-based framework is proposed for the detection of Al-generated text, addressing the
limitations of traditional machine learning in handling complex synthetic text.

e Comprehensive data preprocessing techniques are implemented, including HTML tag removal, text
normalisation, tokenisation, and stop-word elimination, to improve data quality for the neural network.

e An effective Bidirectional Long Short-Term Memory (BILSTM) architecture is designed to capture contextual
dependencies in both forward and backward directions, enabling better identification of machine-generated
structural patterns.
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e Word embedding techniques are integrated into the model to transform textual data into dense vector
representations, allowing the system to capture semantic relationships between words efficiently.

e The proposed model is trained using the Adam optimiser and Binary Cross-Entropy loss function, with
regularisation techniques such as dropout applied to reach a testing accuracy of 94.96%.

e The study highlights the superiority of deep learning models, particularly BILSTM, over traditional machine
learning techniques in tasks involving sequential and authorship-dependent data.

e The proposed system provides practical applicability in real-world scenarios such as academic plagiarism
detection, social media monitoring, and content verification.

2. Literature Review

The field of machine-generated text detection has undergone a significant transformation, moving from basic statistical
observations to the implementation of highly complex deep learning architectures. This evolution reflects the growing
sophistication of Al models and the corresponding need for more robust verification systems.

2.1. Traditional Machine Learning Approaches:

In the early stages of text classification, researchers primarily relied on “lexicon-based” methods and classical machine
learning algorithms. Models such as Naive Bayes, Support Vector Machines (SVM), and Random Forests were the
industry standards. Goldberg (2016) provided a robust foundation for these neural network standards in NLP tasks[15]
. These systems operated by analysing hand-crafted features, such as word frequency (TF-IDF) and an-grams. While
effective at identifying simple patterns, they lacked the depth required to understand the “flow” of natural language.

2.2. The Evolution of Word Embeddings and CNNs

A major turning point was the shift from representing words as isolated tokens to representing them as dense vectors.
While embeddings allowed models to begin “feeling” the semantic weight of sentences, Convolutional Neural Networks
(CNNs) were introduced to capture local spatial features. Kim (2014) demonstrated that CNNs could achieve 81-89%
accuracy in sentence classification [16], while Zhang (2015) showed that character-level CNNs could eliminate the need
for word-level features entirely, reaching over 90% accuracy [17]. Conneaut (2017) further proved that increasing the
depth of these networks (VDCNN) significantly improves classification performance [18].

2.3. LSTM and Sequential Data Analysis

As Al-generated text became more coherent through models like GPT, detection systems needed to understand the
sequence and order of words. Standard Recurrent Neural Networks (RNNs) suffered from the “vanishing gradient
problem,” which caused them to “forget” information. Hochreiter et al. (1997) solved this by introducing the Long Short-
Term Memory (LSTM) architecture [19]. By using memory cells and “gates,” LSTMs could track logical consistency
across long sequences, a key differentiator in identifying human versus Al authorship.

2.4. The Power of Bidirectional LSTM (BILSTM)

Standard LSTM models process text in a single direction. However, Schuster et al. (1997) introduced Bidirectional RNNs
to capture both past and future context simultaneously [20]. The Bidirectional LSTM (BILSTM) processes text in both
directions (forward and backwards), achieving a deeper understanding of sentence structure. This study utilises the
BILSTM model because of its superior ability to detect structural rigidity and specific linguistic signatures that
characterise Al-generated content, compared to unidirectional models.

2.5. The Transformer Revolution and Attention Mechanisms

The landscape changed dramatically with the introduction of the Attention Mechanism by Vaswani et al. (2017), which
allowed for parallel processing and reduced training times [21]. This led to the development of BERT by Devlin et al.
(2018), which set a new state-of-the-art in context understanding with 90%+ accuracy[22] . Yang et al. (2016) also
contributed the Hierarchical Attention Network (HAN), which identifies keywords and sentences within a document to
reach 94.8% accuracy [23]

2.6. Modern Generative Models and Detection Limits

The rise of large-scale models like GPT-2 (Radford et al,, 2019) [24] and GPT-3 (Brown et al,, 2020) [25] has made
detection harder due to their human-like few-shot learning capabilities. Specialised tools like GROVER (Zellers et al.,
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2019) were developed, reaching 92% accuracy by being specifically tuned to detect its own generated content [26].
Furthermore, Solaiman et al. (2019) defined the ethical benchmarks and limits for safe Al release and detection [27].

2.7. Hybrid Architectures and Modern Enhancements

Recent research, such as the work by Howard et al. (2018) on ULMFIT, has shown that transfer learning can produce
high accuracy even with small datasets [28]. The current frontier involves hybridising different networks. Jawahar et
al. (2024) highlighted that Hybrid BILSTM-BERT models outperform single architectures, achieving over 95% accuracy
[29]. These advancements, combined with modern optimisers and regularisation techniques, ensure that models can
generalise well to new, unseen data.

2.8. Conclusion

The journey from counting words to analysing bidirectional semantic context represents a massive leap in digital
forensics. By building upon the theories established by Hochreiter, Schuster, and Jawahar, this research utilises the
BILSTM architecture to provide a high-precision solution for maintaining content authenticity in Table 1.

Table 1 Comprehensive Literature Review on Al vs Human Text Classification

Author & Ref | Year | Title / Topic Accuracy Performance / Key Finding

No

Goldberg Y. [15] | 2016 | Neural Network Methods | Robust Provided foundational frameworks
for NLP for neural NLP models

Kim Y. [16] 2014 | CNN for Sentence | 81-89% Captured local spatial features
Classification effectively

Zhangetal. [17] | 2015 | Character-level CNN 90%-+ Removed dependency on word-level

features

Conneaut et al. | 2017 | Very Deep CNN (VDCNN) Improved Deeper networks improve

[18] classification performance

Hochreiter et al. | 1997 | LSTM Networks High Solved the vanishing gradient

[19] problem using memory cells

Schuster et al. | 1997 | Bidirectional RNN Improved Captured both past and future context

[20]

Vaswani et al. | 2017 | Transformer (Attention | 28.4 BLEU Enabled parallel processing and faster

[21] Mechanism) training

Devlinetal. [22] | 2018 | BERT (Bidirectional | 90%+ Achieved state-of-the-art contextual
Transformers) understanding

Yangetal. [23] | 2016 | Hierarchical Attention | 94.8% Identified important words and
Network (HAN) sentences

Radford et al. | 2019 | GPT-2 High Strong zero-shot performance

[30]

Brown et al. | 2020 | GPT-3 Human-like Enabled few-shot learning without

[31] fine-tuning

Zellers et al. | 2019 | GROVER (Al Detection | 92% Highly effective in detecting generated

[26] Model) news

Solaiman et al. | 2019 | Al Policy & Ethics Benchmark Defined safe Al release and detection

[27] limits

Howard et al. | 2018 | ULM Fit (Transfer | 18-24% Error | Achieved high performance with small

[28] Learning) Reduction datasets

Jawahar et al. | 2024 | Hybrid BILSTM-BERT | 95%+ Hybrid models outperform single

[29] Model architectures

142



Global Journal of Engineering and Technology Advances, 2026, 27(01), 139-151

3. Methodology

3.1. System Overview

The proposed system presents a deep learning-based framework for the detection and classification of Al-generated
text using a Bidirectional Long Short-Term Memory (BILSTM) architecture. The system processes raw textual data and
transforms it into structured numerical representations through advanced preprocessing and embedding techniques.
Sequential modelling is performed using the Bilt network to capture deep contextual dependencies and linguistic
signatures. This structured pipeline ensures the efficient differentiation of machine-generated text from human
expression.

Algorithm 1. Pseudocode for the proposed BILSTM-based Text Detection System
Input: Dataset containing Human and Al-generated text

Output: Classified Text (Human / Al-generated)

e Load dataset.
e Merge datasets and perform data cleaning (remove duplicates/nulls).
e Perform text preprocessing:
o Convert text to lowercase

Remove HTML tags and URLs
Remove punctuation and special characters
Tokenise text
Remove stop words

o Apply Lemmatisation/Stemming
Convert text into sequences using a Tokenizer.
Apply padding to ensure a fixed sequence length (Max Length = 100).
Split the dataset into training and testing sets (80:20).
Initialise BILSTM model:
Embedding layer (Input Dim: 10000, Output Dim: 128)
Bidirectional LSTM layer (Units: 64)
Dropout layer (Rate: 0.5)
Dense output layer (Activation: Sigmoid)
Train the model using the training data.
Evaluate the model using test data.
Compute performance metrics (Accuracy, Precision, Recall, F1-score).
Return Classification Results.

O O O O

Output Vi1 Ve Yerdl
Layer
Bidirectional LSTM €—- LSTM < -- LSTM <—
Layer A A A
LSTM LSTM LSTM
Input B I Xy S £ .
Layer \ 7 /) ceeeeee N7 ) eeeea-

Figure 1 Hierarchical Architecture of Deep Learning Models featuring Multi-layered Neural Representations.
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3.2. System Architecture

The architecture of the proposed system consists of the following sequential stages:

e Data Collection: Gathering balanced sets of human and Al text.

Data Preprocessing: Cleaning noise and standardising formats.

Text Tokenisation: Converting words into integer tokens.

Sequence Padding: Normalising input sizes for the neural network.

Word Embedding: Mapping tokens to dense vectors.

Bilt Modelling: Processing sequences in forward and backward directions.
Classification Layer: Using a Sigmoid function for binary output.
Prediction: Final label assignment (0 for Human, 1 for Al).

3.3. Dataset Description

The model is trained and evaluated using a specialised dataset consisting of 28,747 instances. This dataset is balanced,
containing approximately equal samples of human-written text and machine-generated content from various Large
Language Models (LLMs) in Table 2.

Table 2 Al vs Human Text Dataset Description

Parameter Description

Total Dataset Size | 28747 instances

Class Distribution | Balanced (Human vs Al-generated)

Data Type Unstructured textual data

Source Combined Human-AlI repository

Table 2 describes a dataset used to compare human-written text with Al-generated text. The dataset contains a total of
28,747 text instances, where each instance represents a piece of unstructured text such as a sentence or a paragraph.
The data is balanced, meaning that the number of human-written samples and Al-generated samples is nearly equal,
which helps ensure that any model trained on this dataset does not become biased toward one class. Since the data is
unstructured textual data, it does not follow any fixed format like tables or numerical records, and it typically requires
natural language processing techniques for analysis. The dataset has been created by combining content from both
human-written sources and Al-generated outputs into a single repository. Overall, this dataset is mainly used for
training and evaluating models that can effectively distinguish between text written by humans and text generated by
Al systems.

3.4. Data Preprocessing

Data preprocessing is critical to eliminate noise and standardise input text. The following operations are performed:

Lowercasing: Converts all text to a uniform format.

HTML/URL Removal: Eliminates web-based artefacts and links.

Stop-word Removal: Filters common words (e.g., “the”, “is”) using the NLTK library.
Stemming/Lemmatisation: Reduces words to their root forms (e.g., “generated” to “generate”).
Label Encoding: Converts "Human" to 0 and “Al” to 1.

3.5. Text Representation:

3.5.1. Tokenization:

Text is converted into sequences of integers:
3.5.2. Sequence Padding

To maintain uniform input length for the BILSTM layer:
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Where the total sequence length is fixed at 100 tokens.

3.6. Proposed BILSTM Model

The core of the system is the Bidirectional LSTM, which processes text in both directions to understand the global
context and structural rigidities of the text.

3.6.1. Embedding Layer

Transforms integer sequences into dense vectors of dimension 128.
Where:
e V' =10000(vocabulary size)
e D = 128(embedding dimension)
Output shape:
(100,128)

3.6.2. LSTM Cell Equations

Forget Gate:

Fo = OWr [Reo 120 ] B oo e et e et et et et et et e et et et s s et e e st e e e e s e e eee e e e (3)
Input Gate:

R /T LT 2 I TPV PRTR PRI .3
Output Gate:

L LA T 2 I e /3 PRSP TRUTRY (=)

3.7. Model Architecture

The final architecture, implemented via TensorFlow and Keras, is detailed below in Table 3:

Table 3 Structure of the Deep Learning Model

Layer Function

Input Layer Accepts padded tokenised sequences

Embedding Layer | Converts tokens into 128-dimensional vectors

BiLSTM Layer Captures bidirectional context (64 units)
Dropout Layer Regularisation (0.5) to prevent overfitting
Dense Layer Fully connected layer for feature integration
Output Layer Sigmoid activation for binary classification

Table 3 explains the structure of a deep learning model designed for text classification, particularly to distinguish
between human-written and Al-generated text. The model starts with the input layer, which takes padded and tokenised
sequences as input, meaning the text is first converted into numerical tokens and adjusted to a fixed length for
consistency. These tokens are then passed to the embedding layer, which transforms them into 128-dimensional vectors
so that the model can understand semantic relationships between words. Next, the BILSTM (Bidirectional Long Short-
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Term Memory) layer processes the data by capturing context from both past and future directions in the sequence,
using 64 units to learn meaningful patterns in the text. After that, a dropout layer with a rate of 0.5 is applied to randomly
deactivate some neurons during training, which helps prevent overfitting and improves generalisation. The dense layer
then acts as a fully connected layer that combines and interprets the learned features from previous layers. Finally, the
output layer uses a sigmoid activation function to produce a probability value, allowing the model to perform binary
classification and decide whether the given text is human-written or Al-generated.

3.8. Training Strategy

e Optimiser: Adam optimiser for efficient convergence.
¢ Loss Function: Binary Cross-Entropy.
e (Callback: Early Stopping to prevent overfitting and ensure the best validation performance.

3.9. Evaluation Metrics
To check how well the model works on the 28,747 samples, we use four standard measurements. These metrics show
us if the system is good at telling the difference between human writing and Al writing.

The measurements are based on four things:

True Positives (TP): Correct Al detections.

True Negatives (TN): Correct human text detections.
False Positives (FP): Human text wrongly labelled as Al.
False Negatives (FN): Al text wrongly labelled as human.

3.9.1. Accuracy

Accuracy shows the total percentage of correct guesses. Our Bilt model achieved a high score of 94.96%.

A _ TP+TN
ccuracy = ST R P Ty v e e e e e st

-(6)

3.9.2. Precision

Precision shows how many of the “Al” labels were actually correct. High precision means the model rarely makes the
mistake of calling human text “Al.”

Precision = e 7
recision = T P T T e e e e v (D)

3.9.3. Recall

Recall shows if the model is good at finding all the Al text in the dataset. It measures the ability to catch every machine-
generated sample.

TP

3.9.4. F1-Score

The F1-Score is a mix of Precision and Recall. Since our dataset is balanced with 28,747 samples, this score gives us the
best overall view of the model's quality.

Precision - Recall
F1=2

DraTTeaT T Raaa] e v et e e v e e s (9)
4. Results

This section presents the experimental results of the proposed Bidirectional Long Short-Term Memory (BILSTM) model
for the detection and classification of Al-generated text. The performance of the model is evaluated using standard
classification metrics, including accuracy, precision, recall, and F1-score. The results are analysed to demonstrate the
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effectiveness of the proposed deep learning approach in identifying machine-generated linguistic patterns within a
dataset of 28,747 instances.
4.1. Experimental Setup

The experiments were conducted using a specialised dataset consisting of 28,747 labelled samples of human-written
and Al-generated text. The dataset was divided into training and testing sets to evaluate the model's ability to generalise
to unseen data in Table 4.

Table 4 Model Training Process

Parameter Value

Optimizer Adam

Loss Function Binary Cross Entropy
Batch Size 32

Epochs 10

Evaluation Metric | Accuracy

Model BILSTM

Table 4 describes the model training process and the key parameters used to train the BILSTM model. The optimiser
used is Adam, which is a popular optimisation algorithm that helps the model adjust its weights efficiently during
training. The loss function used is Binary Cross-Entropy, which is suitable for binary classification tasks such as
distinguishing human-written from Al-generated text, as it measures the difference between predicted and actual
outputs. The model is trained using a batch size of 32, meaning that 32 samples are processed at a time before updating
the model weights. The training runs for 10 epochs, which means the entire dataset is passed through the model 10
times to improve learning. The evaluation metric used is accuracy, which measures how many predictions the model
gets correct out of the total predictions. Overall, the BILSTM model is trained using these settings to effectively learn
patterns in the data and accurately classify the text.

The model was trained for multiple epochs, and performance was monitored using validation data to prevent overfitting
and ensure robust detection capabilities.

4.2. Training Performance Analysis

The training performance of the proposed BILSTM model was evaluated using accuracy and loss metrics over multiple
epochs. The results show that the training accuracy increased steadily while the loss decreased, indicating effective
learning of the model. The validation accuracy closely followed the training accuracy, suggesting good generalisation
and minimal overfitting. Overall, the model demonstrated stable convergence and consistent performance during the
training phase.

4.3. Performance Evaluation Results

The performance of the proposed model was evaluated using standard classification metrics. As shown in the
comparative analysis, the Bidirectional Long Short-Term Memory (Bilt) model provides superior results in detecting
artificial text compared to standard unidirectional models.

The Bilt model achieved a high accuracy of 94.96%, demonstrating its efficiency in authorship classification. In terms
of precision, the model shows a strong ability to correctly identify Al-generated text while minimising the number of
human-written samples wrongly flagged as Al. The F1-score reflects a healthy balance between precision and recall,
proving that the model is reliable even when faced with high-quality Al text that mimics human nuances in Table 5.
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Table 5 Performance Comparison of Models

Metric BILSTM | LSTM (Baseline)
Accuracy | 94.96% | 88.0%

Precision | 0.9512 0.8691

Recall 0.9480 | 0.8967

F1-Score | 0.9496 | 0.8827

Table 5 presents a comparison of the performance of the BILSTM and baseline LSTM models using common evaluation
metrics. The BILSTM model achieves a higher accuracy of 94.96% compared to 88.0% for the LSTM, indicating that it
makes more correct predictions overall. In terms of precision, the BILSTM scores 0.9512, which is higher than the
LSTM’s 0.8691, meaning it is better at correctly identifying positive instances without making many false positives. The
recall value for BILSTM is 0.9480, slightly higher than the LSTM’s 0.8967, showing that it is more effective at capturing
actual positive cases. The F1-score, which balances both precision and recall, is also higher for the BILSTM at 0.9496
compared to 0.8827 for the LSTM. Overall, these results indicate that the BILSTM model performs better than the
standard LSTM across all evaluation metrics, making it more effective for the classification task.

The results clearly show that the BILSTM model outperforms the standard LSTM model across most evaluation metrics
due to its ability to capture context from both directions.

4.4. Confusion Matrix Analysis

The confusion matrix provides a detailed breakdown of classification performance. The results of the proposed model
are illustrated in Fig. 2.

Confusion Matrix
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Figure 2 Confusion matrix representing classification results of the proposed BILSTM model

The model demonstrates:

High true positive and true negative rates, indicating accurate detection of both Al and human text.
Low misclassification (FP and FN), showing strong reliability of the model.
Balanced performance across both classes, ensuring consistent prediction without bias.
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4.5. Training and Validation Analysis

During training, the model showed consistent improvement in accuracy with each epoch, while the loss decreased
steadily. The validation accuracy closely followed the training accuracy, indicating that the model generalised well
without significant overfitting, as seen in Fig. 3.
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Figure 3 Model Performance Curves Showing Accuracy and Loss During Training
Key Points:

e Training loss decreases gradually as the model learns linguistic signatures.
e Validation accuracy stabilises at 94.96% after a few epochs.
¢ No major overfitting was observed despite the depth of the Bilt layers.

5. Discussion

The experimental results clearly demonstrate the effectiveness of the proposed Bilt model for Al-generated text
detection. The model successfully captures contextual dependencies and handles complex linguistic structures often
found in modern LLM outputs.

Key findings include

e Improved Context Understanding: Bilt captures both past and future context, which is essential for
identifying the rigid structural patterns of Al text.

e Robust Performance: The model achieves a high accuracy of 94.96%, indicating reliable performance for
academic and professional use.

e Balanced Classification: Precision and recall values are well-balanced, reducing the risk of false accusations
of Al use.

e Scalability: The model handled the 28,747 instances efficiently, proving it can be scaled for larger real-world
datasets.

Compared to traditional machine learning methods, this deep learning approach significantly improves performance by
eliminating the need for manual feature engineering and enabling automatic extraction of complex textual features.

6. Conclusion and Future Work:

This research presented a robust deep learning-based framework for the detection and classification of Al-generated
text using Bidirectional Long Short-Term Memory (BILSTM) architectures. The primary objective was to address the
growing concerns regarding academic integrity and misinformation by developing a system capable of distinguishing
machine-generated content from human writing.
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A specialised dataset consisting of 28,747 instances was utilised, providing a balanced distribution of human-authored
and Al-generated samples. A comprehensive preprocessing pipeline was applied to clean and standardise the textual
data, followed by transformation into numerical representations using tokenisation, padding, and word embedding
techniques.

The proposed Bilt model demonstrated superior performance in capturing bidirectional contextual dependencies and
structural patterns unique to Large Language Models (LLMs). Experimental results showed that the model achieved a
high testing accuracy of 94.96%, along with optimised precision, recall, and F1-score values. The confusion matrix
analysis further confirmed the model's reliability, maintaining a low rate of misclassification across both classes.

The findings of this study highlight the effectiveness of Bidirectional LSTM networks in identifying machine-generated
linguistic signatures. By processing text in both directions, the model accurately interprets complex dependencies,
making it a valuable tool for content moderation and authenticity verification.

6.1. Future Work

Future research can explore the integration of Transformer-based architectures such as BERT or GPT-based detectors,
which have demonstrated state-of-the-art performance in complex natural language understanding tasks. Additionally,
extending the system to support multilingual Al detection would enhance its global applicability. Incorporating
attention mechanisms and hybrid models, such as combining CNNs with BISTs, may further improve the model's ability
to detect localised stylistic anomalies and broader contextual shifts. Finally, the research could shift toward real-time
integration for live content moderation platforms.
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