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Abstract: The rapid advancement of artificial intelligence (AI) has introduced new chal-
lenges, particularly in the generation of AI-written content that closely resembles human-
authored text. This poses a significant risk for misinformation, digital fraud, and academic
dishonesty. While large language models (LLM) have demonstrated impressive capabilities
across various languages, there remains a critical gap in evaluating and detecting AI-
generated content in under-resourced languages such as Turkish. To address this, our study
investigates the effectiveness of long short-term memory (LSTM) networks—a computa-
tionally efficient and interpretable architecture—for distinguishing AI-generated Turkish
texts produced by ChatGPT from human-written content. LSTM was selected due to its
lower hardware requirements and its proven strength in sequential text classification, espe-
cially under limited computational resources. Four experiments were conducted, varying
hyperparameters such as dropout rate, number of epochs, embedding size, and patch size.
The model trained over 20 epochs achieved the best results, with a classification accuracy
of 97.28% and an F1 score of 0.97 for both classes. The confusion matrix confirmed high
precision, with only 19 misclassified instances out of 698. These findings highlight the po-
tential of LSTM-based approaches for AI-generated text detection in the Turkish language
context. This study not only contributes a practical method for Turkish NLP applications
but also underlines the necessity of tailored AI detection tools for low-resource languages.
Future work will focus on expanding the dataset, incorporating other architectures, and
applying the model across different domains to enhance generalizability and robustness.

Keywords: deep learning; AI-generated content; human-generated content; text generation

1. Introduction
While AI has been widely implemented in numerous beneficial ways and applications,

it also has the potential to be misused, particularly in creating deceptive and misleading
content. Among these concerns is the emergence of AI-generated text, which can produce
fake or fabricated content that closely mimics human writing [1]. This poses significant
challenges, as such text can be employed maliciously, including spreading misinformation,
generating fake news, or even creating fraudulent documents. The focus on AI-generated
text stems from its ability to accurately replicate linguistic patterns, often making it indis-
tinguishable from human-written text [2]. This capability, while impressive, raises ethical
concerns and necessitates the development of tools and methodologies to spot the misuse
of AI-generated content [3].
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The misuse of AI-generated content can lead to the spread of misinformation, ma-
nipulation of public opinion, academic dishonesty, and the erosion of trust in digital
communication [4]. For instance, AI-generated texts can be used to create fake news ar-
ticles, impersonate individuals online, or produce fraudulent academic work, which can
have severe consequences for society at large [5]. These risks necessitate the development
of effective tools and methodologies to identify and mitigate such misuse. From a social
perspective, empowering institutions, educators, journalists, and the public with reliable
AI detection tools fosters transparency, safeguards intellectual integrity, and promotes the
responsible use of AI technologies [6]. Especially in low-resource language settings like
Turkish, ensuring that communities are not disproportionately vulnerable to AI misuse
is both an ethical and practical imperative [7]. Thus, this study contributes not only to
technological development but also to the broader goal of maintaining ethical standards
and social trust in the age of generative AI.

One subset of machine learning is deep learning [3]. It focuses on algorithms known
as artificial neural networks, which are modeled after the composition and operations of
the human brain [8]. As deep learning continues to evolve, LSTM networks remain a cor-
nerstone in the toolkit of researchers and practitioners, driving innovation in diverse fields,
from language processing to predictive analytics [9]. LSTM networks have demonstrated
their versatility across a wide range of applications. In NLP, LSTM is employed for text
classification, sentiment analysis, and machine translation [4]. In finance, LSTM is used for
market trend prediction and price stocking. Their ability to process sequential data makes
them suitable for speech recognition, handwriting recognition, and bioinformatics. Using
LSTM networks to detect AI-generated text offers unique advantages since it can capture
temporal dependencies, understand context, and handle non-linear patterns in sequential
data. LSTMs can distinguish between fake and original texts by identifying unique pat-
terns, such as unnatural transitions or repetitive structures [9]. Their adaptability to diverse
text types and integration with pre-trained models enhances performance, making them
particularly effective for natural language processing tasks. By leveraging these capabilities,
LSTMs provide robust and reliable tools for highly precise text classification [2].

Consequently, this study aims to address the following research question: can LSTM-
based models accurately detect AI-generated Turkish text, and what are their limitations
and strengths in this context? This study mitigates the above constraints by creating
advanced detection systems explicitly tailored for Turkish AI-generated text. Despite
substantial advances in detecting AI-generated content, especially in English, the field
still faces ongoing challenges, particularly regarding language diversity and generaliza-
tion [10,11]. Many existing models focus exclusively on high-resource languages, leaving
underrepresented languages like Turkish largely unaddressed. This lack of focus creates a
pressing gap in the development of effective and equitable AI detection tools. The main
contributions of this paper are as follows:

• The formulation of an LSTM-based detection framework tailored to the Turkish language;
• The development of a novel dataset comprising both human-written and ChatGPT-

generated Turkish texts;
• A comprehensive experimental evaluation, varying key parameters such as dropout

rate, epochs, embedding size, and patch size;
• The demonstration of high detection accuracy, offering practical implications for

real-world applications in academia, media, and cybersecurity.

The remainder of this paper is structured as follows: Section 2 presents the research
background and a review of the relevant literature. Section 3 covers the research method-
ology employed in this study. Section 4 details the experimental results and subsequent
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discussion. Section 5 highlights the research limitations, future directions, and the implica-
tions of the findings. Finally, Section 6 provides the concluding remarks.

2. Background and Related Literature
2.1. Overview of LSTM Technique

Fundamentally, deep learning processes extract patterns from data by distinguish-
ing input, hidden, and output layers by identifying levels of interdependent neurons or
nodes [12]. The capacity of deep learning to learn hierarchical representations—each layer
extracting progressively abstract features from the input data—is its main strength [13].
Deep learning has taken center stage in contemporary AI research and applications thanks
to the availability of big datasets, sophisticated computing power, and frameworks like
TensorFlow v2.18.0 and PyTorch v2.6.0 [8]. Unlike standard machine learning algorithms,
deep learning techniques automatically extract raw data characteristics, eliminating the de-
mand for laborious, detailed feature engineering. These capabilities have made significant
progress in several fields, such as autonomous systems, image recognition, and natural
language processing.

One type of recurrent neural network (RNN), called an LSTM network, is designed
to process and forecast data sequences [14]. In contrast to conventional RNNs, which
have issues with vanishing or ballooning gradients when working with lengthy sequences,
LSTMs control the information flow using memory cells and gates (input, output, and forget
gates) [15]. Because of their architecture, LSTMs can retain information over extended time
steps, making them ideal for activities such as recognizing speech, language modeling, and
time series forecasting [12]. LSTMs differ from other neural network architectures in their
capacity to retain context across long sequences [16].

Understanding the context and word sequence is essential in natural language pro-
cessing, one of the key areas where LSTMs are used. In machine translation, for example,
an LSTM network can record a sentence’s structure in one language and produce the same
structure in another. Similarly, LSTMs can accurately convert audio signals into text in
voice recognition by modeling the temporal connections of uttered words. They are a key
component of many cutting-edge AI systems due to their resilience in managing sequential
dependencies. Transformers, which utilize attention mechanisms, have largely supplanted
LSTMs in many NLP tasks due to their efficiency and scalability [4]. However, LSTMs
remain relevant in specific domains, primarily where computational resources are limited,
or the data are naturally sequential and not excessively long [16].

2.2. Related Literature

The detection of AI-generated text has gained considerable research attention in recent
years due to the growing concerns around authenticity, misinformation, and ethical misuse.
Studies such as [17] have highlighted that while AI-generated text is advancing rapidly, it
still lacks the nuanced coherence and complexity found in human-authored content. These
limitations have led to a diverse set of detection approaches spanning traditional machine
learning, deep learning, and hybrid methods. Table 1 offers a concise overview of previous
research findings, emphasizing the distinct contributions of our study in addressing existing
gaps. Collectively, these studies showcase the efficacy of various deep learning models in
identifying AI-generated content.
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Table 1. Findings from previous studies.

Category Study Focus Deep Learning
Technique Used Findings

Using deep
learning models

[15] Proposed a new model for
text classification. DRNN Test accuracy of 88.52% using a

dataset of 900 samples.

[14]

Combined existing datasets,
real-time tweets, and

synthetic data generated by
AI models.

CNN, ANN, RNN,
LSTM, GRU, BiLSTM,

and BiRNN

BiLSTM achieved the highest F1
score of 98.77%.

[2] LSTM-based approach for
classification. LSTM Achieved accuracy, precision, recall,

and F1 scores above 98%.

[9] Introduced the
TSA-LSTM-RNN. TSA-LSTM-RNN

Achieved 93.17% (accuracy for
human dataset) and 93.83%

(ChatGPT 4o dataset).

Alternative approaches

[18] Classification using
statistical methods. SVM

Binary classification achieved 99.87%
accuracy; accuracy for rephrased

texts was 87.58% (classification) and
84.91% (statistical).

[10] DeepFake text detection. TCN and four modified
TCN models

Modified TCN models
outperformed the baseline,

achieving F1 scores exceeding 98%
and accuracies between 94%

and 99%.

This study Differentiate and classify AI
and human-generated text. LSTM

F1 score for both AI and human
generated text was best achieved for

model 1 (20 epochs and 128 patch
size), achieving above 98%. Other

models achieved above 96%.

Early detection tools have focused on linguistic cues and metadata. For example, the
authors in [19–21] used features like syllable count, sentence structure, perplexity, and
semantic similarity to differentiate between human and AI texts. Although these models
achieved notable accuracy (up to 93%), their reliance on surface-level features makes them
susceptible to evasion when AI models improve their mimicry of human style. Tools like
GPTZero and ZeroGPT, though widely used, were found to underperform when compared
with feature-enhanced models. Studies also integrated explainable AI (xAI) tools (e.g.,
LIME, SHAP) to interpret model decisions, thus increasing transparency [19]. However,
while feature-based methods benefit from interpretability, they often struggle to generalize
across domains and newer generative models [17,22].

Several researchers have assessed traditional ML algorithms for text classification. The
authors in [23] found that NuSVC outperformed other algorithms like random forest and
KNN on a balanced dataset, while the authors in [24] compared decision trees, SVM, and
logistic regression. These studies reveal the trade-off between simplicity and accuracy:
while ML models offer fast computation and easier training, they tend to underperform on
nuanced textual patterns, especially for large-scale and multilingual data.

Recent literature has pivoted toward deep learning due to its superior performance
in handling sequential data and capturing contextual nuances. The authors in [15] intro-
duced a Deep Recurrent Neural Network (DRNN), while the authors in [14] conducted a
broad comparison across CNN, ANN, RNN, LSTM, GRU, BiLSTM, and BiRNN. Among
these, BiLSTM achieved the highest F1 score (98.77%), demonstrating its robustness in
identifying subtle differences between AI-generated and human text. Similarly, the authors
in [2,9] showed that LSTM-based models, including hybrid variants like TSA-LSTM-RNN,
achieved high accuracy (above 93%), although were still somewhat behind the best BiL-
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STM configurations. These deep learning models offer high adaptability but often lack
interpretability and require large datasets for optimal performance.

Several studies have explored combining deep learning with traditional or optimiza-
tion techniques. The authors in [18] applied SVM and linguistic analysis to reach an
accuracy of 99.87% on binary classification tasks, outperforming many neural models. The
authors in [10] employed temporal convolutional networks (TCNs), creating modified
variants that reached F1 scores above 98%. These advanced methods highlight a trend
toward building hybrid models that balance interpretability, performance, and robustness.

A major gap in the literature is the linguistic diversity of research. The overwhelm-
ing majority of existing models have been developed and tested on English datasets
(e.g., [9,14]. Few studies have considered low-resource languages, such as Turkish. More-
over, many of the datasets used are either small scale or artificially constructed, limiting
generalizability. The review by [1], covering 17 detection tools, emphasized this issue and
recommended the integration of multiple evaluation methods, including human review,
for enhanced reliability. Despite the growing body of research, two critical gaps persist:
(1) the limited application of deep learning techniques to Turkish language detection,
(2) the absence of high-quality, native Turkish datasets that include both human-written
and AI-generated texts.

To address these gaps, our research proposes an LSTM-based framework specifically
trained and evaluated on Turkish texts. Our study introduces a novel, domain-specific
Turkish dataset composed of original and ChatGPT-generated content. The model achieved
a testing accuracy and F1 score exceeding 97%, outperforming previous LSTM approaches
(e.g., [2,9]) and closely matching top performers like [10,14]. This positions our study as a
pioneering contribution to multilingual AI detection research and offers practical implications
for educational, journalistic, and governmental use cases in Turkish-speaking contexts.

3. Materials and Method
LSTMs’ capacity to model both short-term and long-term dependencies makes them

uniquely positioned to handle the subtleties of distinguishing AI-generated content. This
capability adds unique value by enabling the fine-grained analysis of textual features that
may go unnoticed in simpler models. Their interpretability and performance in sequence-
based tasks make LSTMs a powerful choice for this application, providing reliability and
depth of results. This section outlines the materials and methods used to train and test the
LSTM models that distinguish between AI-generated and human-written text. It provides a
detailed discussion of the dataset creation process, data preprocessing steps, model training
procedures, and approaches for evaluation and validation. The model was trained on
a system equipped with an NVIDIA RTX 2060 GPU (NVIDIA, Santa Clara, CA, USA),
an AMD Ryzen 5 7600X processor (AMD, Santa Clara, CA, USA), and 16 GB of RAM.
Due to these hardware constraints, the LSTM architecture was chosen over more resource-
demanding models like Transformers, and the dataset size was kept within manageable
limits to optimize performance.

3.1. Dataset Creation

The dataset was created by combining sentences generated by AI with human-
generated sentences. AI-generated sentences were produced using OpenAI’s ChatGPT-
4o [25], Gemini–2.0 Flash [26], and standard Microsoft 365 Copilot Chat (Free version) [27],
spanning various academic topics. The dataset used in this study consisted of 4000 state-
ments deliberately curated to represent a broad spectrum of academic disciplines, including
engineering, medicine, social sciences, and natural sciences. This approach ensured a
comprehensive and diverse dataset, reflecting the varied linguistic structures and domain-
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specific language encountered in scholarly writing. The AI-generated content was produced
using three leading language models: OpenAI’s ChatGPT, Google’s Gemini, and GitHub’s
Copilot. The prompts for these models were carefully crafted to elicit high-quality, scholarly
responses across multiple subjects, ensuring that the generated text mirrors the complexity
and depth expected in academic discourse. This rigorous design process aimed to produce
contextually rich samples that accurately reflect real-world academic writing.

In contrast, the human-authored component of the dataset was sourced from peer-
reviewed academic publications and samples of university-level writing. Sentences were
meticulously selected and validated by domain experts to confirm their authenticity, coher-
ence, and alignment with the stylistic and thematic conventions of scholarly communication.
This verification process ensured that the human-written text maintained a high standard
of linguistic quality, providing a robust baseline for model evaluation. To further strengthen
this study’s experimental reproducibility and evaluate the model’s generalization capability,
an external test set of 400 newly collected phrases was included. This test set comprised
new AI outputs and human-written academic sentences not present in the original training
data, allowing for a more rigorous assessment of the model’s ability to distinguish between
known and novel text samples.

Combining the AI and human-written datasets resulted in a labeled dataset, with
AI-generated texts marked as “AI” and human-written ones as “Human”. In this study,
no distinct datasets were created for each specific LLM model. Instead, outputs generated
by ChatGPT, Gemini, and Copilot were grouped together and uniformly labeled as “AI”.
The train_test_split tool from scikit-learn was used to divide the dataset into testing and
training sets, with 70% for training and 30% for testing. Class distribution was balanced
across both sets. The LSTM model was developed using TensorFlow. The core structure of
the model is as follows:

• Embedding layer: Used to create numerical representations of text, with the vocabulary
size reduced to a maximum of 10,000 words. In this study, the tokenizer vocabulary
was capped at 10,000 words to achieve a balance between computational efficiency
and effective text representation. Based on Zipf’s Law, a small set of high-frequency
words accounts for most of the text, making this limit sufficient for capturing essential
semantics while avoiding the burden of rare words. Prior research [28] also supports
that focusing on frequent terms improves model performance without significant
semantic loss. Moreover, restricting the vocabulary size helps the model generalize
better by reducing overfitting and unnecessary memorization.

• LSTM layer: composed of LSTM layers, with a kernel regularizer applied.
• Dropout layer: included to prevent overfitting.
• The test data ratio: the proportion of data used for testing training data. It was set to

30% for the first three tests.
• Batch normalization layer: added to normalize the distributions between layers.
• Dense layer: the output layer uses a sigmoid activation function to classify text as

AI-generated or human-written.
• The Adam algorithm was used as the optimizer for training the model and the learn-

ing rate was set to 0.0005. The early stopping technique was applied and the bi-
nary_crossentropy loss function was utilized to construct the model.

3.2. Data Preprocessing

The dataset consisted of labeled sentences, categorized as either AI-generated or
human-written. It was loaded from a CSV file and processed for text and label extraction.
Labels were numerically encoded using LabelEncoder from the scikit-learn library, where
“AI” was assigned 0 and “Human” was assigned 1. Text data were tokenized using
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TensorFlow’s Keras Tokenizer, configured to consider the 10,000 most frequent words.
Each sentence was converted into sequences of integers, padded to a uniform length of
1000 tokens to fit the neural network input requirements. Figure 1 depicts the Pseudocode
used to prepare the dataset for analysis.
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technique was used. The Adam optimizer was used to assemble the model because of
its effectiveness and capacity for adaptive learning. Binary cross-entropy was selected
as the loss function because it performs well for binary classification problems. During
training, accuracy served as the performance indicator. An early halting mechanism was
used to reduce overfitting. This system tracked the validation loss and stopped training
after five epochs in which no progress was seen. To guarantee that the model’s performance
was maximized, the optimal weights were restored after termination. Figure 2 depicts the
Pseudocode used to train the dataset. Also, Figure 3 shows a sample of the trained dataset.
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3.4. Model Evaluation and Validation

Following training, loss metrics, and accuracy were used to assess the model on the
test set. A categorizing report that comprised measures like accuracy, precision, recall, F1
score, and support for each class was produced by comparing predictions made on the test
data with the true labels. The distribution of true positives, true negatives, false positives,
and false negatives was also examined using a confusion matrix. A user interaction module
was created to display the model’s capabilities. Users could enter a sentence into this
module, which would be tokenized and padded to fit the model’s input format. The
model’s prediction was converted into a readable label (‘AI’ or ‘Human’) and displayed to
the user. Figure 4 depicts the Pseudocode used to run the tests.
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4. Results and Discussion
This paper conducts several tests to identify the most accurate LSTM model. The first

two tests involve varying the number of epochs, while the third test explores the impact of
adjusting the dropout rate, number of epochs, embedding size, and patch size. This section
presents and analyzes the results from all three tests in detail.

4.1. Test 1

The model was trained for a total of 20 epochs and 50 epochs. Figure 5 summarizes the
results of test 1 for both 20 and 50 epochs. Based on the training results, the trends in the
training and validation loss graphs were similar. The gap between training and validation
loss was minimal, and there was no significant increase in validation loss, indicating that
the model did not overfit. The early stopping strategy ensured that training was halted
when the best validation loss was achieved, further contributing to overfitting prevention.
Typical signs of overfitting, such as a rapid decrease in training loss alongside an increase
in validation loss, were not observed in this study. Both training and validation losses
decreased in a balanced manner. When interpreting the graph, we can analyze the model’s
performance by examining how the training and validation losses change per epoch. The
graph shows the training loss and validation loss at the end of each epoch during training.
However, during the 50-epoch training, there were imbalances and increases in the val_loss
values. This suggests that the model overfitting led to a decrease in overall performance.
Moreover, the 50-epoch model showed overfitting, adapting too much to the training data,
which resulted in lower performance on the validation and test sets. Figure 5 depicts the
training loss for test 1.
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Table 2 depicts a summary of results from test 1. The results demonstrate that this
LSTM-based deep learning model can distinguish between human- and AI-generated
texts with very high accuracy. The F1 scores and accuracy rates indicate that the model
provides a balanced performance and successfully classifies both classes. Furthermore, the
high and balanced F1 scores suggest that the model performed well. The model’s overall
performance is adequate and has the potential for application in various domains.

Table 2. Test 1 results.

Model Features 20-Epoch Model 50-Epoch Model

Patch size 128 128
Embedding size 300 300
Regularization (L1, L2) 0.0001 0.001
Dropout rate 20% 20%
Model’s test accuracy 97.28% 95.99%
AI precision 97% 91%
Human precision 98% 92%
AI recall 98% 92%
Human recall 97% 91%
AI F1 Score 98% 87%
Human F1 Score 97% 88%

The model trained with 20 epochs showed a better performance. This indicates that
the model received sufficient training after 20 epochs and that further training caused
overfitting. For the second model, the precision and recall values for AI and Human
classes are less than those of the first model. This comparison highlights that the first
model performs better in accuracy and F1 score. In contrast, the second model shows some
deterioration in performance, particularly with increased loss and changes in the confusion
matrix. This suggests that the model overfitted to the training data, leading to a decrease in
overall performance. Moreover, the second model showed overfitting, adapting too much
to the training data, which resulted in lower performance on the validation and test sets.

As illustrated in Figure 6, the model trained with 20 epochs achieved a Kappa metric
score of 0.9542, which is notably higher than the 0.9283 attained by the 50-epoch model.
This metric, which measures the agreement between predicted and actual classifications
while accounting for chance agreement, provides further evidence of model reliability. The
superior Kappa score of the 20-epoch model reinforces our earlier findings, confirming that
a shorter training duration—when coupled with appropriate regularization and architecture
settings—can lead to more effective generalization and better classification consistency.
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In contrast, the 50-epoch model, despite longer training, exhibited signs of overfitting,
resulting in reduced agreement and lower robustness in its predictions. Overall, the
20-epoch model is more optimized, showing a more balanced performance and providing
better test accuracy and loss values. Therefore, it has a higher generalization capacity.
Moreover, effective use of the early stopping technique is important to prevent the model
from over-learning and to determine the optimum number of epochs. Figure 6 depicts the
Cohen’s kappa scores for test 1.
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4.2. Test 2

In this test, we trained the model for 20 epochs, using the same parameters as the
first experiment. All other parameters were identical, but the second model was trained
for 10 epochs rather than 50 epochs as in test one. Early stopping was used to optimize
the validation loss value after 20 epochs of training the first model. The validation loss
value for the second model dramatically dropped throughout ten training epochs. This
model required fewer epochs and a faster training time. Figure 7 shows the validation loss
analysis. Figure 7 depicts the training loss for test 2.
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A summary of the results of test 2 is depicted in Table 3. The first model, with a higher
embedding size (300) and lower regularization coefficient (“l1, l2” = 0.0001), achieved more
general learning and prevented the model from overfitting. In the second model, the use of
a lower embedding size (100) and higher regularization (“L1, L2” = 0.001) led to insufficient
learning, resulting in a decrease in overall performance. In the first model, a lower dropout
rate (20%) minimized the loss of important information during learning. In contrast, the
higher dropout rate (40%) in the second model caused more data to be lost, leading to
decreased performance.

Table 3. Test 2 results.

Model Features 20-Epoch Model 10-Epoch Model

Patch size 128 128
Embedding size 300 100
Regularization (L1, L2) 0.0001 0.001
Dropout rate 20% 40%
Model’s test accuracy 97.28% 93.12%
AI precision 97% 99%
Human precision 98% 88%
AI recall 98% 87%
Human recall 97% 99%
AI F1 Score 98% 93.6%
Human F1 Score 97% 94%

With 97.28% accuracy, the first model outperforms the second model (93.12%). This
indicates that the first model is more successful in accurately classifying the texts. The
second model has a high precision for the AI class but a low recall. This suggests that the
number of missed AI class examples increased. Again, here, the first model exhibited a
more optimized performance overall with better accuracy, balanced precision, and recall
values. In the second model, low embedding size and high regularization rates caused the
model’s performance to decrease.

4.3. Test 3

We trained the model for 20 epochs in this test, using the same parameters as the
first two experiments. The second model in this test, trained for 10 epochs, maintained
all the settings of the 10-epoch model from the second test, with the only modification
being a reduction in patch size from 128 to 64. The first model was optimized using early
stopping. The second model was trained for 10 epochs, during which the validation loss
value significantly decreased. This model required fewer epochs and a faster training time.
Figure 8 shows the validation loss patterns. Figure 8 depicts the training loss for test 3.

A summary of the results of test 3 is depicted in Table 4. In the first model (20 epochs),
for both classes (“AI” and “Human”), F1 score, recall, and precision have values between
97 and 98%. In the second model, precision, recall, and F1 scores for both classes (“AI” and
“Human”) range between 87% and 99%. The second model used fewer epochs (10 epochs)
and had a faster training time, which is particularly advantageous regarding time and
resource usage. The first model exhibited a more optimized performance overall with
better accuracy, balanced precision, and recall values. In the second model, low embedding
size and higher dropout rate caused the model’s performance to decrease.
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Table 4. Test 3 results.

Model Features 20-Epoch Model 10-Epoch Model

Patch size 128 64
Embedding size 300 100
Regularization (L1, L2) 0.0001 0.001
Dropout rate 20% 40%
Model’s test accuracy 97.28% 93.12%
AI precision 97% 99%
Human precision 98% 88%
AI recall 98% 87%
Human recall 97% 99%
AI F1 Score 98% 96.19%
Human F1 Score 97% 96%

The higher number of LSTM units (128) and embedding size (300) in the first model
may have allowed it to learn more features, enhancing classification success. However, this
comes at the detriment of requiring more computational power for training. Using a lower
embedding size (100) and a higher regularization in the second model caused the model
to not learn enough, and its overall performance decreased. While the lower dropout rate
(20%) in the first model minimized the loss of important information during learning, the
higher dropout rate (40%) in the second model caused the model to lose more information
and decreased performance.

4.4. Test 4

The effects of changing the test data ratio (test_size = 0.3 and test_size = 0.6) on an
LSTM model were examined. The impact of this change in training and testing data ratios
on the model’s accuracy, loss values, classification report, and confusion matrix were
analyzed comparatively. The ratio that gives more optimized results was evaluated, and
its reasons and consequences were considered. This model required fewer epochs and a
faster training time. As shown in Figure 9, although the training accuracy increased at a
60% test rate, a decrease in test accuracy was observed. Low training loss and high test
loss indicate that the model is over-learning. On the other hand, at a 30% test rate, training
and test performances are compatible, and no signs of over-learning are observed. Figure 9
depicts the training loss for test 4.
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A summary of the results of test 4 is depicted in Table 5. According to Table 5, the
model shows a more optimized performance when the test rate is 30%. This rate provided
a balanced and high accuracy in training and test data accuracy and did not show signs
of over-learning. On the other hand, when the test rate was 60%, the test performance of
the model decreased, and over-learning was observed. Therefore, the test rate of 30% was
considered a more appropriate choice in terms of the generalizability of the model.

Table 5. Test 4 results.

Model Features 20-Epoch Model 20-Epoch Model

Patch size 128 128
Embedding size 300 300
Regularization (L1, L2) 0.0001 0.0001
Dropout rate 20% 20%
Test data ratio 30% 60%
Model’s test accuracy 97.28% 99.89%
AI F1 Score 98% 91%
Human F1 Score 97% 90%

5. Discussion
This study aims to examine AI-generated text detection in Turkish using LSTM net-

works. We conduct four tests, changing the settings to select the best model (e.g., number
of epochs, patch size, sample size, dropout rate, and testing data rate). This section details
the limitations, future research directions, and implications of the findings.

5.1. Results Comparison

Table 2 demonstrates that the 20-epoch model consistently outperforms the 50-epoch
model in terms of F1 Score and test accuracy. This performance gap validates the effec-
tiveness of our initial model design, which prioritized a reduced regularization strength
and a longer training period. These choices contributed to superior generalization and a
balanced trade-off between precision and recall for both AI-generated and human-authored
text, reinforcing the robustness of our approach. The incorporation of internal baselines
further strengthens the credibility of these findings, underlining the innovative nature of
our method.

Table 3 outlines the configuration of the 10-epoch model, where several key hyper-
parameters were deliberately modified to assess their influence on learning capacity and
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overall performance. The embedding size was lowered from 300 to 100, limiting the
model’s ability to capture complex semantic relationships. A smaller embedding dimen-
sion restricts the available representational space, reducing the model’s ability to discern
intricate patterns and meaningful context within the training data. The regularization
strength was elevated from 0.0001 to 0.001 (L1, L2), introducing a stronger penalty for
large weights. While this can help control overfitting, it also reduces the model’s flexibility,
potentially restricting its capacity to learn nuanced features from the data. The dropout rate
was increased from 20% to 40%. Although dropout is an effective mechanism to prevent
overfitting by randomly omitting neurons during training, an excessively high dropout rate
can disrupt learning by eliminating too much critical information, leading to fragmented
learning and weakened model coherence. In contrast, the 20-epoch model exhibited su-
perior performance in test 3, benefiting from its larger number of LSTM units (128) and
a more expansive embedding size (300). These parameters significantly enhanced the
model’s representational capacity, enabling it to effectively capture complex semantic and
sequential dependencies within the text. This configuration allowed the 20-epoch model to
extract richer contextual insights, resulting in more precise and reliable classifications.

Collectively, these results underscore the importance of carefully tuning hyperpa-
rameters to achieve optimal performance, balancing model complexity, regularization,
and expressive power to enhance both accuracy and generalization. This study effec-
tively demonstrated the potential of LSTM models for detecting Turkish AI-generated
academic writing, providing critical insights into how the model configuration impacts
its performance and generalization. By systematically adjusting epoch count, embedding
size, dropout rate, and regularization, we identified the optimal settings that significantly
enhance detection accuracy. Specifically, the model trained with 20 epochs, a larger embed-
ding size (300), and a lower regularization coefficient (0.0001) outperformed its counterparts,
achieving better generalization and reduced overfitting. In contrast, the 50-epoch model,
despite its higher training accuracy, exhibited signs of overfitting, as reflected in the widen-
ing gap between training and validation loss. Moreover, our findings underscore the critical
balance between model complexity and generalization. While increasing complexity can
improve learning, it also increases the risk of overfitting. However, incorporating strategies
like early stopping and dropout effectively mitigated this risk, minimizing the discrepancies
between training and validation performance, and ensuring robust, reliable classification.

To study the effect of different parameters, we tested three factors: epoch number,
learning rate, and dropout, as shown in Figure 10. The comparative analysis of the two
models (i.e., 20-epoch and 10-epoch) trained on identical datasets with modified hyperpa-
rameters reveals several critical insights:

• Epoch reduction (20 → 10): The reduction in epoch count from 20 to 10 had a com-
paratively minor impact. While it reduced training time, the overall structure and
performance of the model remained largely intact. This suggests that, in this context,
fewer epochs were sufficient for capturing the core patterns without significantly
compromising accuracy, provided that other hyperparameters were well tuned.

• Dropout rate impact (20% → 40%): The most pronounced effect on model performance
resulted from the increased dropout rate, which increased from 20% to 40%. This
adjustment led to a substantial decline of approximately 10–11 points in the F1 score,
indicating that the model experienced over-regularization. High dropout rates, while
effective for reducing overfitting, can excessively disrupt the learning process, limiting
the model’s ability to capture complex patterns in the data. This aligns with the broader
understanding that excessive dropout can degrade model capacity and stability.

• Learning rate adjustment (0.0001 → 0.001): The shift from a 0.0001 to 0.001 learning rate
had the second most significant impact. While this increase accelerated the training
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process, it also introduced the risk of unstable weight updates, potentially causing the
model to oscillate around local minima or fail to converge effectively. This underscores
the importance of selecting an optimal learning rate to balance training speed and
model stability.
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5.2. Practical and Research Implications

By improving our knowledge of semantic characteristics, this study opens the door to
creating more accurate screening methods to detect AI-generated content. This provides
fresh evidence that can be investigated empirically in various ways. These findings also
offer a starting point for further study to increase the precision of identification and identify
more patterns exclusive to AI-generated text. Future research could improve these results
to further our understanding of this field while tackling new opportunities and problems
in detecting material created by AI. The findings also enable academics to establish more
specific goals to further investigate humans’ ability to identify AI-generated text. These
results have applications in developing technologies to identify spam, fake news, and
other unwanted content, potentially shielding people from deception. By enhancing
the reliability of online communication, such solutions will guarantee more secure and
dependable digital interactions.

Practically speaking, integrating mechanized and human recognition systems provides
a potent composite solution that combines the accuracy of algorithms with the sophisticated
discernment of human experience. Tasks like real-time text analysis can be accelerated with
this cooperative method while retaining a high degree of contextual correctness. Examples
include monitoring online conversations to guarantee prompt action while considering lan-
guage communication difficulties. Moreover, this study tackles essential issues, including
thwarting disinformation and enhancing public dialogue and decision-making procedures.
It draws attention to the ethical ramifications of AI-driven communication and emphasizes
the value of analytical methods to slow the spread of AI-generated content.

5.3. Limitations and Future Directions

Although we provide a reliable detection model using LLMs in this study, there are still
certain restrictions and gaps. The dataset employed in this study is somewhat small, mainly
due to limitations in computational resources. Using bigger datasets, future investigations
may examine how well the suggested models function in various languages. Identifying
Turkish AI-generated content in domain-specific corpora, such as those in education, is
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an exciting approach. Additionally, efforts ought to be focused on creating instruments
that improve communication and the quality of information while shielding consumers
from being duped by false information. The results of this study may be expanded upon in
future research by investigating context-aware detection techniques. ChatGPT is also the
only tool used to generate text in the study sample. Furthermore, comparing in-context and
out-of-context text production detection would yield insightful information and greatly
enhance our knowledge of AI-generated content recognition. Finally, although 10-fold cross-
validation is a widely used approach for assessing the generalization ability of machine
learning models, it was not adopted in this study due to its substantial computational
cost and the relatively small size of the dataset. Instead, a straightforward training test
split was employed, providing a more practical and efficient means of evaluating model
performance while minimizing the overfitting risks.

6. Conclusions
This study aimed to develop and evaluate a robust deep learning model capable

of accurately distinguishing between human-written and AI-generated text in Turkish,
a relatively underexplored linguistic context. To achieve this, we implemented LSTM
networks and systematically examined the effects of various hyperparameters, including
patch size, embedding size, number of epochs, dropout rate, and test–train data ratios. Our
experimental results revealed that model configurations significantly influence detection
performance. Specifically, models trained for fewer epochs (20) outperformed longer train-
ing runs (50 epochs), as extended training led to increased validation loss and overfitting.
Similarly, models with a higher embedding size (300) and lower regularization (0.0001)
demonstrated improved learning stability and generalization. Additionally, a 30% test
data ratio yielded better overall performance than 60%, highlighting the impact of data
distribution on model accuracy.

While increasing model complexity can enhance training accuracy, our findings em-
phasize the trade-off between accuracy and overfitting risk. The use of dropout and early
stopping techniques successfully mitigated overfitting in optimized configurations, as indi-
cated by stable validation losses and minimal training–validation divergence. Nonetheless,
simpler models exhibited faster training times but struggled with classification precision,
leading to increased false positives when detecting AI-generated text. The value of this
research lies in its focus on Turkish-language AI-generated text detection—a niche area
with limited prior studies—and in demonstrating that carefully tuned LSTM models can
achieve high accuracy (above 97%) in this task. Moreover, this study contributes practical
insights into the trade-offs between model complexity, training duration, and generalization
performance. Future research should extend these findings by leveraging larger and more
diverse Turkish-language datasets to improve robustness and linguistic coverage. Also, ex-
ploring hybrid deep learning models (e.g., BiLSTM-CNN, transformer-based architectures)
could further enhance detection accuracy. Furthermore, the integration of semantic and
contextual linguistic features to better handle rephrased or adversarial AI-generated texts
could be explored. By addressing these avenues, future studies cannot only refine detection
techniques but also contribute to broader efforts in combating the misuse of generative AI
in education, journalism, and digital communication.
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