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Abstract—Recent advances in large language models (LLMs)
have enabled highly human-like text generation, raising con-
cerns related to misinformation, authorship verification, and
academic integrity. Current approaches for detecting LLM-
generated text suffer from several limitations, including lim-
ited robustness to linguistic diversity, sensitivity to text length
variations and paraphrasing, weak domain generalization, and
high computational cost. To address these challenges, this pa-
per proposes a hybrid framework for detecting LLM-generated
text that integrates syntactic and statistical features with deep
semantic representations learned using GloVe embeddings,
Convolutional Neural Networks (CNNs), and Bidirectional
Long Short-Term Memory (BiLSTM) networks. By combining
linguistic cues with contextual semantics, the proposed model
captures both structural and semantic patterns to distinguish
human-written text from LLM-generated content. Experiments
conducted on the ChatGPT Research Abstracts and ElectAl
datasets demonstrate strong cross-domain generalization and
robustness to text length variations and paraphrasing. The pro-
posed framework achieves an accuracy of 98.63%, an F1-score
of 98.66%, and a minimum false positive rate (FPR) of 0.01.
These results indicate the effectiveness, stability, and reliability
of the framework for detecting LLLM-generated text.

Index Terms—Large language models (LLMs), AI-generated
text, Text generation, Word Embedding, Feature Extraction.

1. INTRODUCTION

Recent advances in natural language generation (NLG) have
significantly improved the fluency, coherence, and diversity of
the text produced by LLMs. Advanced generative models such
as GPT-4 [1], Claude [2], and Gemini [3] now generate writing
that is becoming sufficient to achieve human-level performance
across tasks such as question answering, email drafting, news
article composition, scientific writing, story generation, and
code generation. However, alongside these -capabilities,
significant concerns regarding the potential misuse in areas
such as phishing [4], misinformation [5], and academic
integrity [6-8]. Current approaches for identifying LLM-
generated text generally fall into four categories: watermarking,
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feature-based, neural-based, and human-assisted approaches
[9]. Watermarking approaches embed hidden signals into text
during the generation process; however, they require full access
to the underlying model, making them impractical for most
modern LLMs. Also, watermarking methods are sensitive to
minor text modifications, such as adding space, substituting
smaller words with larger words, using similar words, which
can significantly reduce detection accuracy [10]. Feature-based
approaches rely on linguistic indicators such as syntax,
grammar, and other stylistic features. They can also suffer
degradation in effectiveness when applied to advanced
LLMs[10]. Neural-based approaches use pre-trained
transformer models [11,12] to classify LLM-generated content.
Although these methods achieve strong performance, they
require substantial computational resources and large annotated
datasets for training [9,10]. Finally, human-assisted approaches
rely on human judgment, however, as LLM-generated text
becomes increasingly indistinguishable from human writing,
reliable manual detection becomes progressively more
challenging [10].

To address the limitations of existing detection approaches,
this paper proposes a hybrid framework for identifying LLM-
generated content that combines handcrafted syntactic,
statistical features and deep semantic representations derived
from GloVe [13], CNNs [14], and BiLSTM networks together.
By using a hybrid framework with interpretable linguistic
features and high-level context-based semantics, the proposed
framework achieves improved reliability and generalizability
across multiple domains and diverse LLMs.

The structure of this paper is as follows. Section 2 reviews
the most recent literature on detecting text generated by LLMs.
Section 3 presents the proposed framework. Section 4 describes
the datasets, evaluation metrics, experimental results, and the
discussion of results. Finally, Section 5 will conclude the paper
and provide potential avenues for future research.

II. RELATED WORK

This section provides background on the most recent
research on detecting LLM-generated text. Recent approaches
to detecting LLM-generated text can be broadly categorized

into watermarking-based, neural-based, and feature-based
detection methods.
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Watermarking Framework for LLMs (WLLM) [15] embeds
imperceptible signals into generated text by biasing token
selection during generation. Although WLLM is lightweight
and efficient in controlled environments, it essentially depends
on access to the generation process and is extremely susceptible
to paraphrasing or post-editing, which can greatly weak or
eliminate the watermark [9,16]. This limits its applicability in
real-world, open-text scenarios.

REMARK-LLM [17] increases the robustness of watermarks
by embedding identifiers into internal semantic representations
and decoding them via a retrieval-based mechanism. Although
this enhances resistance to mild paraphrasing, the approach
incurs higher computational costs and still degrades under
stronger paraphrasing attacks. Moreover, it requires specialized
retrieval and decoding components, reducing scalability.

In DNA-GPT [18], genetic signatures are incorporated in the
text generation process in the form of marks, which supports
traceability. In spite of achieving a high level of detection
accuracy, this model is difficult to implement and requires
access to the generation pipeline. The model is also affected by
fluctuations in text length.

Giant Language Model Test Room (GLTR) [19] in order to
identify LLM-generated text by analyzing token-level statistics
like likelihood, rank, and entropy. Although GLTR is
interpretable and efficient for older language models, it is less
reliable for advanced LLM-generated text, edited text, and
paraphrased text and requires access to model probability
outputs. AuthentiGPT [20] uses a feature-based, multi-stage
detection approach that integrates watermarking signals,
semantic embeddings, and linguistic cues. Despite its
effectiveness, the method's practicality for large-scale or real-
time deployment is limited by the need for substantial
computational resources and large labeled datasets.

SeqXGPT[21] is a sentence-level approach that employs
sequential models and contextual embeddings to identify
linguistic and semantic inconsistencies between human-written
and LLM-generated text. This approach generalizes well across
various LLM types due to its use of sentence-based
architecture. However, the approach is computationally
expensive, as processing sentences individually increases
resource demands, and its accuracy may drop when sentences
are edited or when stylistic cues become harder to distinguish.

In summary, despite recent advances in current detection
approaches, they face important restrictions, including
dependence on access to the source generation model,
prohibitive computation cost, and weak generalizability across
models and domains. Many existing detectors also struggle with
paraphrased input and short text segments. These issues
demonstrate the need for more generalizable, interpretable, and
text- level detection. The proposed framework, which utilizes a
combination of crafted linguistic and statistical features
alongside deep semantic representations, addresses these gaps
in performance and detection mode through robust and reliable
detection performance.
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III. PROPOSED ARCHITECTURE

The proposed framework for detecting LLM-generated text
consists of six stages: (1) Preprocessing, in which the input text
is cleaned by removing irrelevant elements. (2) Handcrafted
statistical and syntactic feature extraction, in which statistical
and syntactic features are computed from pre-processed text.
(3) Text representation using GloVe embeddings, which
convert each token into a fixed-length dense vector that
captures semantic relationships through word co-occurrence
patterns. (4) Semantic feature extraction, where a CNN captures

local contextual patterns and a BiLSTM models long-range
dependencies. (5) Feature fusion, in which handcrafted
statistical and syntactic features are concatenated with the
semantic features produced by the CNN and BiLSTM to form
a unified feature representation. (6) Classification was then
performed by taking the combined feature vector and passing it
through a fully connected layer to finally predict the label. The
architecture of the proposed framework is illustrated in Figure
1.

A. Phases of the Proposed Framework

1) Text Preprocessing

The goal of preprocessing is to remove task-irrelevant
content (e.g., URLs, emails, symbols, hashtags, numbers) that
do not contribute to the linguistic, grammatical, or semantic
features used in this study [22]. Such tokens were found to have
minimal impact on detection performance and may introduce
noise, particularly in short or informal texts, as the MFAD
framework primarily relies on stylistic and semantic cues to
identify Al-generated text. Therefore, preprocessing uses
lowercasing, normalization, lemmatization, and tokenization to
get the text ready for trustworthy feature extraction.

2) Statistical and Syntactic Features Extraction

Statistical and syntactic features capture the underlying
structure of the text and reflect key indicators such as
readability and writing style, which serve as strong cues for
assessing textual originality and coherence. Lexical diversity is
quantified through measures of vocabulary richness. The
statistical features represent measurable aspects of the textual
structure, style, and complexity. Part-of-speech (POS) tag
frequency, and bigram frequency are used to measure syntactic
complexity, which expose syntactic and lexical patterns
indicative of human-written versus LLM-generated text [23]. A
detailed list of the statistical and syntactic features used in this
study is provided in Table I.
3) Text Representation

The final step of text preprocessing is tokenization, which the
text is split into individual tokens. These tokens are then passed
to GloVe, which models both global statistical relationships and
local contextual meanings among words in the dataset. GloVe
represents each word as a dense vector in continuous space,
typically with 50, 100, 200 or 300 dimensions, where
semantically similar words are positioned closer together.
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These embeddings, derived from word co-occurrence
statistics in a large corpus, enable GloVe to model semantic
relationships very well. In contrast to context-dependent
models such as BERT, GloVe embeddings are context-
independent in nature, and the model assigns every word the
same vector without any additional context-based meaning,
preserving semantic proximity based on global co-occurrences.
The numerical vectors generated by GloVe are then passed to
the CNN for higher-level feature extraction and semantic
representation learning. The embedding matrix is constructed
according to equations (1-3).

Given a sequence of T tokens:

X = [wy,wy, ..., wr] 1
Each token w,is mapped to its GloVe embedding:
e, = GloVe(w,) € R4 )
The embedding matrix is constructed as follows:
E =[ee,,..,er]" € RT*4 (3)

where T is the length of the input sequence, w is the token at
position (t), et is the GloVe embedding vector for the token, d
is the embedding dimensionality, and E is the sequence
embedding matrix.

4) Semantic Feature Extraction

High-level semantic features were extracted using a
combination of CNN and BiLSTM architectures. The CNN
consists of convolutional and pooling layer. The convolutional
layer learns patterns within the local context and the pooling
layer reduces the dimensionality of the features for
computational efficiency and robustness. As convolutional
filters slide across the text, the CNN captures local n-grams and
phrase-level contextual representations, with max pooling
selecting the most informative activations from each filter. The
obtained local feature maps are then passed into a Bidirectional
Long Short-Term Memory (BiLSTM) layer to model long-
range dependencies by processing the sequence in both forward
and backward directions. This allows each word to be
interpreted within its full context. By integrating CNN for
capturing local patterns and BiLSTM for modeling global
semantic connections into one structure, the framework
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Fig. 1. Architecture of the proposed framework

produces a rich and comprehensive contextual representation.
5) Feature Concatenation

The numerical vectors representing syntactic and statistical
features were fused with the semantic feature vectors generated
by the CNN+BiLSTM model to form a unified feature vector
for each text sample. These feature types provide
complementary information: syntactic and statistical features
measure structural and quantifiable properties of writing, and
the semantic features describe meaning and contextual relations
between words. Together, these features yield a richer and more
comprehensive representation of the text, thereby enhancing the
model's ability to distinguish human-written content from
LLM-generated text.
6) Text Classification

Subsequently, the concatenated feature vector is fed into a
classifier implemented using the TensorFlow framework. The
classifier consists of a fully connected (dense) neural network
with a sigmoid activation function in the output layer. This
activation function maps the network output to a value between
0 and 1, corresponding to the probability of being in either of
two classes, which is well suited for binary classification tasks,
predicting whether a text is written by a human or generated
using an LLM.

B. Rationale for Model Architecture.

We adopt a GloVe + CNN + BiLSTM architecture rather than
fine-tuned Transformer-based models like BERT and
DistilBERT for several reasons. Primarily, our aim is to propose
an efficient and interpretable detection mechanism that can
generalize across domains and LLMs without invoking the need
to perform heavy fine-tuning. Transformer-based detectors
often involve substantial computational cost involved in
training and inference processes of transformer models, as well
as sensitivity to domain-specific data distributions.

In contrast, GloVe provides stable corpus-level semantic
representations. CNNs can also adequately represent local n-
gram information, and BiLSTMs can represent long-range
dependencies. This provides effective modeling of semantics
but also with a lower computational cost. Additionally,
separating handcrafted features from deep semantic
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representations allows clearer attribution of performance gains,
which supports more interpretable analysis and ablation studies

TABLEI
STATISTICAL AND SYNTACTIC FEATURES
Type Feature Description
Statistical Total Words The total count of words.
(23] Total Sentences The total number of sentences.
Total Unique | The total count of unique words.
Words
Type-Token Ratio | TTP  evaluates  vocabulary
diversity.
Total Stop Words | The total count of stop words.
Total Punctuation | The total count of punctuation
marks (commas, periods,
exclamation marks, etc.).
Total Discourse | The total number of discourse
Markers markers.
Total Spelling | The total count of spelling errors.
Errors
Total ~Grammar | The total count of grammar errors.
Errors:
Readability The ease of reading the text was
Scores evaluated; higher scores indicated
casier readability.
Syllable Count Total number of syllables.
Average- The average number of words per
Sentence Length sentence.
Average word | The average number of characters
length per word.
Syntactic Part-of-Speech Frequencies of noun singular
[23] (POS) Tag | (NN), noun plural (NNS), verb
Distributions base-form (VB), verb past tense
(VBD), adjectives (JJ), adverbs
(RB), personal pronoun (PPR),
preposition (IN), verb present
participle (VBG), contracting
conjunction (CO), and
determiners (DT).
Complexity  of | Tree depth: The depth of the
Sentence syntactic tree reflects sentence
complexity, such as the average
dependency tree, depth,
maximum of dependency tree
depth, and number of subordinate
clauses.
Top Calculate the maximum number
Bigram/Trigram of  two- or three-word
Frequency combinations.
IV. RESULTS
A. Datasets

The ChatGPT Research Abstracts [24] and ElectAl [25]
datasets were used for the experiments. The ChatGPT Research
Abstracts dataset contains 10,000 titles for papers with a
combination of Human and ChatGPT-generated (GPT 3.5)
abstracts for each title, and can be used to differentiate between
human and Al-generated text. The ElectAl dataset is a
collection of English tweets that refer to elections and political
claims, tagged as human-written or Al generated, and contains
approximately 9,400 tweets. The dataset has been produced
using numerous LLMs including Llama-2-7B [26], Mistral-7B
[27] and Falcon-7B [28]. Table II provides an overview of the
dataset metadata and composition.
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TABLE I
METADATA AND DATASET COMPOSITION OF THE CHATGPT RESEARCH
ABSTRACTS AND ELECTAI DATASETS.

Dataset Generation Domian LLM Real Data
Model generated Count
articles Count (Human)
ChatGPT GPT 3.5 Scientific 10000 10000
Research Writing
Abstracts
ElectAl Llama-2-7B Political 2350
Mistral-7B Tweets 2350 2350
Falcon-7B 2350

B. Experimental Setup

Each experiment was conducted on a Lenovo laptop
equipped with 12 GB of RAM, an Intel Core i5 processor, and
a 64-bit operating system. The proposed framework was
implemented in Python 3.10.5 using several libraries: scikit-
learn [29] for computing evaluation metrics, NLTK [30] for
preprocessing, such as tokenization, stemming, lemmatization,
and stop-word removal, and TensorFlow [31] for constructing
and training deep neural networks. Additional NLP libraries
were used to extract the statistical and syntactic features listed
in Table I. In particular, advanced syntactic analyses, including
syntactic complexity and dependency-based features, were
performed using spaCy [32]. Text complexity and readability
metrics were computed with TextStat [33]. Grammatical errors
were detected using LanguageTool [34]. The number of
spelling mistakes in the text is calculated using PySpellChecker
[35]. The hyperparameter configuration is provided in Table III,
and includes batch size, number of epochs, optimizer, and
dropout rate.

C. Performance Measures

Five classification metrics were used to evaluate the
performance of the proposed framework: accuracy, precision,
recall, Fl-score, and false positive rate (FPR) [9]. Accuracy
measures the proportion of texts that are classified correctly, as
shown in Eq. (4). Precision represents the proportion of texts
classified as Al-generated, that are truly Al-generated, as
shown in Eq. (5). Recall (True Positive Rate) measures the
proportion of Al-generated texts that were correctly classified
as Al-generated, as defined in Eq. (6). The F1 score is the
harmonic mean of precision and recall and defined as a uniform
indicator of both recall and precision, as given in Eq. (7).
Finally, the FPR quantifies the proportion of human-written
texts that are incorrectly classified as Al-generated, as defined
in Eq. (8).

Accuracy = % @
Precision = (TPT%P) ©)
Recall = (T;;—p;N) ©
Fl-score=2X% @
FPR= % ®
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Here, TP (True Positive) denotes to the number of LLM-
generated texts that are correctly classified as LLM-generated.
TN (True Negative) represents the number of human-written
texts that are correctly classified as human-written. FP (False
Positive) refers to human-written texts that are incorrectly
classified as LLM-generated and FN (False Negative) refers to
LLM-generated texts that have been incorrectly classified as
human written.

TABLE III
THE HYPERPARAMETER SETTINGS
Value

ReLU

Parameters

Activation Function
(feature extraction)
Activation function (classification)

Sigmoid
Adam
binary_crossentropy

Optimizer
Loss Function

Batch size 32
No. of. Epochs 5
Dropout-rate 0.5
Glove Embedding dimensions 100
Pooling Type Max
Kernel-Size 3

70% — training, 10—
validation, and 20% — testing

Dataset splits

D. Experimental Results

This section presents the performance of the proposed
framework on the ChatGPT Research Abstracts and ElectAl
datasets, including detection performance across different
dataset categories, robustness to varying text lengths, resilience
to paraphrasing, and comparison with baseline approaches.

1) Evaluation of the Proposed Framework on the Two
Datasets

The proposed framework is evaluated on the ChatGPT
Research Abstracts and ElectAl datasets, as illustrated in
Figures 2-3.

These figures illustrate the effectiveness of the proposed
framework in distinguishing human-written text from LLM-
generated text on both the ChatGPT Research Abstracts and
ElectAl datasets. In the ChatGPT Research Abstracts dataset,
the model achieves 96.63% accuracy with exceptionally high
precision (96.52%) and recall (97.61%), resulting in a strong
Fl-score 0of 97.06% and an exceptionally low false positive rate
(FPR) of .02. In the ElectAl dataset, the results indicate the
model's efficacy across various generation models. In the
Human vs Falcon category, the model reaches 96.65% accuracy
with 95.60% precision and 97.53% recall. Notably, this
performance increases when detecting text generated by Mistral
(98.3%) and LlaMA (98.63%). These results confirm the
framework’s ability to generalize across domains and various
LLMs, along with reasonable levels of precision and excellent
recall rates, and very few false positives.
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Fig. 2. Evaluation metrics of the proposed framework on the ChatGPT
Research Abstracts and ElectAl datasets.

FPR
0.06
0.04
0
ChatGPT ElectAl - ElectAl - ElectAl -
Research Human vs Human vs Human vs
Abstracts Falcon Mistral Llama

Fig. 3. FPR of the proposed framework on the ChatGPT Research
Abstracts and ElectAl datasets.

2) Evaluation of the Proposed Framework on the Two
Datasets Across Different Text Lengths

In this section, the proposed framework is evaluated under
varying text lengths by partitioning each dataset into two token-
count categories: texts with fewer than 50 tokens and texts with
more than 50 tokens. The corresponding evaluation results are
presented in Figure 4.

ChatGPT-Research-Abstract

98
) I I
94
<=50 >50
W Accuracy M Precision Recall F1-Score
(a)
ElectAl-Human vs Falcon
120
100
. 1l in
<=50 >50
W Accuracy M Precision Recall F1-Score
(b)
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B Accuracy=50a Precision

Recall >3F1-Score

(©)

ElectAl- Human vs Llama
100

) I I
90

B Accuracy <=5g Precision

(d)
Fig. 4. Evaluation metrics of the proposed framework on ChatGPT
Research Abstracts and ElectAl datasets for different text lengths

Recall >34 F1-Score

Figure 4 illustrates the evaluation of the proposed framework
under varying text lengths on the ChatGPT Research Abstracts
and ElectAl datasets supports the underlying robustness and
stability of the framework, regardless of the text input length.
On the ChatGPT Research Abstracts dataset, the model
achieves strong performance with both short (< 50 words) and
longer (> 50 words) texts. Notably, accuracy increased from
96.20% with short texts to 97.44% for longer texts. This trend
continues throughout the ElectAl dataset across all generation
models. In the Human vs Falcon classification, the model
achieves strong accuracy for both short (96.42%) and long
(96.67%) sample versions, with 100% recall being provided for
the longer text. Additionally, performance improved among
Mistral and L1aMA classifications, with both short and long text
versions producing very high accuracy, precision, recall and
F1-score measures. Across all text lengths, the results remained
above 98% for almost every metric. This indicates that the
proposed method is highly effective regardless of text size,
consistently achieving strong precision and recall while
generalizing well across different Al models and text-length
variations.

3) Evaluation of the Proposed Framework on the Two
Datasets under Text Paraphrasing

The proposed framework was evaluated on its ability to
detect paraphrased LLM-generated texts that preserve semantic
meaning while introducing syntactic variation. Paraphrased
samples were generated using a pre-trained T5-base
transformer model, which follows a text-to-text learning
paradigm [36]. The model employs an encoder—decoder
architecture, where the decoder creates a rephrased sentence
based on the contextualized semantic representation produced
by the encoder. The generated paraphrases introduce lexical and
syntactic variation, including word substitutions, reordering,
and structural reformulation, without changing the underlying
meaning, T5's paraphrased outputs are intended to be
semantically equivalent to the original text. This allows the
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evaluation of the robustness of the proposed framework under
realistic paraphrasing-based text transformations. After the
paraphrasing process, the proposed framework was applied to
the modified dataset, and its performance was compared with
that obtained on the original, non-paraphrased test set. The
evaluation results under paraphrasing conditions are presented

in Figure 5.
100 ChatGPT-Research-Abstract
) I I I .
90
Original Paraphrased
W Accuracy M Precision Recall F1-Score
(a)

ElectAl- Human vs Falcon

100
- | in
90

Original Paraphrased
B Accuracy M Precision Recall F1-Score
(b)
ElectAl- Human vs Mistral
100
98
94
Original Paraphrased
M Accuracy M Precision Recall F1-Score
(c)
100 ElectAl- Human vs Llama
98 I
y []
Original Paraphrased
W Accuracy M Precision Recall F1-Score
(d)

Fig. 5. Evaluation Metrics of the Proposed framework Between Original
and Paraphrased Texts in the ChatGPT Research Abstracts and ElectAl
Datasets.

Figure 5 illustrates the evaluation of the proposed framework
under paraphrasing conditions and shows that the model
remains highly effective when confronted with syntactically
altered but semantically equivalent text. On the ChatGPT
Research Abstracts dataset, performance declines only
marginally, with accuracy decreasing from 96.63% on the
original texts to 96% on paraphrased versions. Meanwhile,
recall exhibits a slight increase, indicating sensitivity to Al-
generated patterns despite syntactic variation. A similar trend is
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observed on the ElectAl dataset. In the Human vs. Falcon
category, performance remains stable, with only a minimal
decrease in accuracy and F1-score after paraphrasing. Even for
more advanced models such as Mistral and LLaMA, the
framework continues to perform strongly, achieving accuracies
of 97.38% and 98% on paraphrased texts, respectively, which
are close to the results obtained on the original data. Although
minor reductions in precision and Fl-score are observed,
overall detection performance remains robust. These results
demonstrate that the proposed framework generalizes well to
paraphrased LLM-generated content and effectively preserves
deeper semantic and stylistic cues even after substantial
rewriting.
4) Comparison of the Proposed Framework with Baseline
Approaches

This section compares the proposed framework with
representative baseline approaches. As shown in Table IV, the
proposed framework consistently outperforms AuthentiGPT
and SeqXGPT on both the ChatGPT Research Abstracts and
ElectAl datasets.

TABLE IV

PERFORMANCE ANALYSIS OF THE PROPOSED FRAMEWORK IN COMPARISON
WITH BASELINE APPROACHES

Dataset Approach Accuracy | Precision | Recall F1-
(%) (%) (%) Score
(%)
ChatGPT | AuthentiGPT | 88 84 37 85.5
iis‘:ar"r SeqXGPT 85.9 85.5 90.5 88
SHACtS M proposed 96.6 96.5 97.6 97
AuthentiGPT | 92 86.3 90.7 88.5
E)\e”CtA‘ SeqXGPT 86.4 823 933 87.5
(Alh Proposed 97.8 97.2 98.5 98

The results in Table IV show that the proposed framework
outperforms AuthentiGPT and SeqXGPT on both the ChatGPT
Research Abstracts and ElectAl datasets. On the ChatGPT
Research Abstracts dataset, the proposed framework achieves
an accuracy of 96.6%, outperforming AuthentiGPT by 8.6
percentage points and SeqXGPT by 10.7 percentage points.
Precision, recall, and Fl-score all show comparable
improvements. Notably, the proposed framework achieves a
97% F1-score, which is much higher than that of SeqXGPT
(88%), and AuthentiGPT (85.5%). SeqXGPT's exhibits
relatively high recall (90.5%), indicating sensitivity to Al-
generated content; however, its lower precision and overall
accuracy suggest a higher false-positive rate. On the other hand,
the proposed framework effectively distinguishes between text
produced by Al and text written by humans while maintaining
high recall and precision (97.6%, 96.5%). A similar trend is
observed on the ElectAl dataset. The proposed framework
achieves an accuracy of 97.8%, outperforming AuthentiGPT
(92%) and SeqXGPT (86.4%). It also records the highest
precision (97.2%) and recall (98.5%), resulting in an F1-score
of 98%. These results highlight the proposed framework’s
strong generalization capability across different domains and
writing styles. While AuthentiGPT performs competitively on
this dataset, its lower precision and F1-score suggest limitations
in capturing nuanced stylistic and semantic differences.
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SeqXGPT again demonstrates relatively high recall (93.3%) but
lower precision (82.3%), reinforcing the trade-off between
sensitivity and specificity observed in feature-based baselines.

5) Ablation Study

To evaluate the contribution of each component in the proposed
framework, an ablation study will be carried out by considering
different feature types, sequences modeling architectures, and
word embeddings on the ChatGPT Research Abstracts and
ElectAl datasets. First, we evaluate handcrafted features
syntactic and statistical stylometric indicators, to measure their
individual contribution. Next, we evaluate semantic features
extracted using CNN combined with sequence models such as
RNN, LSTM, and BiLSTM, with GloVe and Word2Vec
embeddings. We then examine the impact of feature fusion by
combining handcrafted features with semantic features, where
CNN and RNN are used with GloVe embeddings. Finally, the
reference model combines handcrafted features with semantic
features, which are learned with GloVe, CNN, and BiLSTM
techniques, to serve as a reference model to evaluate all the
individual metrics.

The results in Table V show that handcrafted syntactic and
statistical cues are insufficient for reliable Al-generated text
detection, as handcrafted features alone only achieve relatively
low accuracy on both ChatGPT Research Abstracts (69.8%)
and ElectAl  (60.7%). Semantic-only configurations
substantially improve performance, consistently exceeding
90% accuracy, highlighting the importance of deep semantic
representations. The benefit of bidirectional contextual
modeling is confirmed by the fact that using a standard RNN in
place of BiLSTM causes a discernible drop in performance,
while LSTM improves results but is still marginally less
effective than the full proposed framework. Using Word2Vec
embeddings further enhances semantic-only performance. The
combined framework, integrating semantic and handcrafted
features, achieves the highest accuracy and Fl1-score,
demonstrating the complementary strengths of contextual and
stylometric patterns.

E. Discussion

The experimental results confirmed the effectiveness and
robustness of the proposed hybrid method for identifying LLM-
generated. The most significant result from this study shows
how important it is to combine different types of features
(syntactic, statistical, and deep semantic) to achieve a reliable
and generalized performance when detecting LLM-generated
text. The addition of statistical and syntactical features
accurately captures the surface structure and stylistic
characteristics of LLM-generated text and the subtle differences
between the writing styles of LLMs and humans. At the same
time, using CNNs and BiLSTMs provides the model with a
deeper understanding of the semantics of the text, enabling the
model to detect more subtle differences in linguistic behaviour
and the coherent use of word meaning. This framework shows
strong performance (i.e., accuracy, precision, recall) as well as
a low false-positive rate across both the scientific abstracts and
political tweets datasets.

Generalization across different LLMs (GPT-3.5, LLaMA-2,
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Mistral, Falcon) indicates robustness across varying datasets
and styles of generation. The framework is highly consistent
despite changing lengths of text, both less than and more than
50 tokens in length. Also, this framework maintains strong
performance when classifying items that had been syntactically
modified (paraphrased) using the TS Model. For instance,
paraphrasing the ChatGPT Research Abstracts dataset with T5
resulted in only a minor accuracy drop from 96.63% to 96%.
The proposed framework consistently showed superior
performance across all datasets and LLM categories When
compared to the feature-based baseline AuthentiGPT and
SeqXGPT. Therefore, the combination of multiple feature types
is an effective way of increasing the sensitivity and reliability
of an LLM text detector. Finally, the paraphrasing evaluation
focuses on controlled, single-step neural rewriting to simulate
common automated rewriting attacks. Future work will
investigate more challenging cases, including multi-step
paraphrasing, back-translation, and human-edited paraphrases,
to further validate the framework’s robustness.

TABLE V
ABLATION STUDY RESULTS OF THE PROPOSED FRAMEWORK
Dataset Model Accuracy | Precisio | Recall | Fl1-
(%) n (%) Score
(%) (%)

ChatGPT | Handcrafted 69.8 68.8 72.7 70.7
Research | Features only
Abstracts | Semantic Features | 95.6 95 96.8 95.89

only (Glove+

CNN+BILSTM)

Semantic Features 94.8 94.4 92.8 93.6

only (Glove+

CNN+LSTM)

Handcrafted+ 92.6 93 92.3 92.6

Semantic (Glove+

CNN-+RNN)

Semantic Features | 94.6 93.9 96 95

only (Word2Vec+

CNN+BILSTM)

Proposed 96.6 96.5 97.6 97

Framework
ElectAl Handcrafted 60.7 62.1 59.2 60.6
(All) Features only

Semantic Features | 96.2 96.5 97.6 97

only (Glove+

CNN+BILSTM)

Semantic Features | 94.6 95.7 96.6 96

only (Glove+

CNN+LSTM)

Handcrafted+ 93.7 92 92.8 93

Semantic (Glove+

CNN-+RNN)

Semantic Features 95.22 94.6 96.8 95.7

only (Word2Vec+

CNN+BILSTM)

Proposed 97.8 97.2 98.5 98

Framework

V. CONCLUSION

This paper presents a hybrid detection framework that
combines syntactic and statistical features with deep semantic
representations derived from CNN and BiLSTM models. The
proposed framework is effective in differentiating between
human-written text and LLM-generated text across multiple
domains and generative models by leveraging complementary
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feature types. Experiments on scientific abstracts and political
tweet demonstrate high performance, with the framework
achieving a maximum accuracy of 98.63%, an Fl-score of
98.66%, and a minimum false positive rate (FPR) of 0.01. This
framework also demonstrates strong robustness to variations in
text length and strong resilience in detecting paraphrased LLM-
generated content. These results indicate the advantage of
fusing different feature types to improve LLM-generated text
detection. Future work will involve extending the use of this
framework with larger and more diverse multilingual datasets
and evaluating its performance on data generated from more
advanced LLMs. Additionally, this framework will be
enhanced to improve adversarial robustness, such as real-world
adversarial paraphrasing, and provide a more comprehensive
comparative assessment with current detection approaches.
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