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Abstract
Artificial Intelligence (AI) has witnessed widespread application across diverse 
domains, with education being a prominent focus for enhancing learning outcomes 
and tailoring educational approaches. Transformer models, exemplified by BERT, 
have demonstrated remarkable efficacy in Natural Language Processing (NLP) 
tasks. This research scrutinizes the current landscape of AI in education, empha-
sizing the utilization of transformer models. Specifically, the research delves into 
the influence of AI tools facilitating text generation through input prompts, with a 
notable instance being the GPT-4 model developed by OpenAI. The study employs 
pre-trained transformer models to discern whether a given text originates from AI 
or human sources. Notably, BERT emerges as the most effective model, fine-tuned 
using a dataset comprising abstracts authored by humans and those generated by 
AI. The outcomes reveal a heightened accuracy in distinguishing AI-generated text. 
These findings bear significance for the educational realm, suggesting that while 
endorsing the use of such tools for learning, vigilance is warranted to identify poten-
tial misuse or instances where students should independently develop their reasoning 
skills. Nevertheless, ethical considerations must be paramount when employing such 
methodologies. We have highlighted vulnerabilities concerning the potential bias of 
AI models towards non-native English speakers, stemming from possible deficien-
cies in vocabulary and grammatical structure. Additionally, users must ensure that 
there is no complete reliance on these systems to ascertain students’ performance. 
Further research is imperative to unleash the full potential of AI in education and 
address ethical considerations tied to its application.
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Introduction

The interest on Artificial Intelligence (AI) and its possible use in education is 
not new (Devedžić, 2004). However, the recent developments in this field, the 
improvement of computational resources and their availability, allowed the devel-
opment of new technologies and further applications, inciting changes in the edu-
cation system (Lund & Wang, 2023). In this field, the interest has been increasing 
and in recent years the number of papers published on the topic of AI are increas-
ing (Chen et  al., 2020). The application of AI in education has covered a wide 
range of activities according to Chen et  al., (2020): (i) assessment of students 
and schools; (ii) grading and evaluation of papers and exams; (iii) personalized 
teaching; (iv) smart school; and (v) online and remote education. Its application 
in education has gained momentum, as an increasing number of institutions are 
exploring the use of AI for improving learning outcomes. AI has the potential to 
revolutionize the way of teaching and learning, posing advantages and dangers as 
any other technology.

Concerning the advantages of integrating AI in education, several key benefits 
have been recognized. Firstly, AI facilitates personalized learning by tailoring 
educational experiences to individual students based on their strengths, weak-
nesses, and preferred learning styles. This approach enables students to progress 
at their own pace, fostering heightened engagement, motivation, and ultimately 
yielding improved learning outcomes (Dimitriadou & Lanitis, 2023; Xu & Ouy-
ang, 2022). Secondly, intelligent tutoring systems powered by AI offer instantane-
ous feedback to students, aiding in the identification and correction of mistakes. 
This not only alleviates the workload on teachers but also enhances the overall 
effectiveness of instructional methods (Xu & Ouyang, 2022). Thirdly, AI’s capa-
bility for data analysis proves instrumental in scrutinizing extensive datasets. 
This analytical prowess assists teachers in discerning students’ learning patterns, 
allowing for the customization of teaching strategies to enhance education quality 
and elevate student performance. Lastly, the integration of AI fosters accessibil-
ity in education, particularly benefiting students with disabilities. Notably, tech-
nologies such as speech recognition enable students with hearing impairments to 
actively participate in classroom discussions, thereby promoting inclusivity (Xu 
& Ouyang, 2022).

The incorporation of AI in education also presents inherent risks encapsulated. 
Firstly, the issue of bias arises, as AI algorithms may exhibit biases leading to 
discriminatory outcomes (Akgun & Greenhow, 2022). Liang et al. (2021)unveil 
a notable bias in GPT detectors against non-native English writers, evident in the 
high misclassification rate of non-native-authored TOEFL essays compared to 
the near-zero misclassification rate of presumed native-authored college essays. 
The discrepancy is attributed to limited linguistic variability and word choices 
by non-native authors, resulting in lower perplexity text. The study raises con-
cerns about the reliability of current detection methods underscoring the need for 
more robust detection techniques that account for nuances introduced by prompt 
design. Secondly, the integration of AI in education raises legitimate privacy 
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concerns. The collection of personal data by AI systems, including biometric 
information and browsing history, raises the specter of misuse or theft, posing 
potential harm to students and educators alike (Akgun & Greenhow, 2022). Fur-
thermore, there is the risk of dependence, wherein an over-reliance on AI has the 
potential to diminish critical thinking and problem-solving skills among students, 
leading to a scenario where students become overly dependent on AI systems for 
learning, thereby compromising their ability to think independently. Moreover, 
the introduction of such disruptive technology necessitates adaptation by both 
students and lecturers, encompassing understanding, potential applications, and 
correct administration of the technology. Lastly, there is a tangible risk of exclu-
sion, wherein the imperative for simultaneous adaptation to such technologies 
may not be universally feasible due to various factors such as disparate levels of 
knowledge, economic disparities, or accessibility challenges, potentially resulting 
in exclusion from the benefits of AI in education.

The integration of AI technologies into education presents a noteworthy chal-
lenge related to plagiarism, necessitating the incorporation of effective control 
mechanisms to identify texts generated by AI (Abd-Elaal et al., 2022). While pre-
vious solutions have been put forth (Tien & Labbé, 2017; Shahmohammadi et al., 
2020), they were not able to adopt recent advancements, particularly in Natural Lan-
guage Processing (NLP). The emergence of NLP models based on the Transformer 
methodology, exemplified by Large Language Models (LLMs) like BERT and GPT 
(Generative Pre-trained Transformer), requires novel approaches. In this context, 
our contribution lies in leveraging such models to detect AI-generated content in 
essay-type texts within the context of university-level education. To achieve this 
goal, pre-existing models were fine-tuned using a database comprising both human 
and AI-generated academic abstracts. Notably, the BERT model exhibited superior 
performance, boasting high accuracy levels. The application of the fine-tuned model 
to an experimental database, comprising 200 human-generated texts and those pro-
duced by various AI models, provided compelling evidence of the practicality and 
efficacy of this approach. In essence, this paper aims to contribute to the ongoing 
discourse surrounding the integration of AI in education by proposing a novel meth-
odology to address critical challenges associated with essay grading systems.

From a theoretical perspective, our research proposes a new approach to essay 
grading contributing to advancing our understanding of the intersection between AI, 
education, and ethics. By examining the challenges and implications of AI-gener-
ated content in academic settings, we shed light on broader questions of algorith-
mic fairness and educational equity. Moreover, our study provides insights into the 
evolving role of educators in navigating the complexities of AI-enhanced teaching 
and learning, highlighting the importance of pedagogical adaptation and ethical 
awareness in the digital age. In addition to its theoretical implications, our research 
has practical significance for a range of stakeholders in the education ecosystem. For 
educators, our findings offer valuable insights into the potential risks and opportuni-
ties associated with AI technologies in the classroom, empowering them to make 
informed decisions about assessment practices. Similarly, educational administrators 
can use our research to inform the development of guidelines governing the respon-
sible use of AI in education, ensuring that ethical considerations are prioritized in 
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the adoption and implementation of AI-driven educational tools. For students, our 
findings hold the promise of enhanced academic integrity awareness through per-
sonalized mechanisms powered by AI, which have the potential to allow a faster and 
more accurate grading process using the methods proposed in this research together 
with future developments.

Literature review

Natural language processing (NLP) models

NLP models are machine learning models that are designed to process and under-
stand human language. These models are used for a wide range of tasks, includ-
ing machine translation, sentiment analysis or text classification. Previously, NLP 
models relied on hand-crafted rules and heuristics to analyze and process language 
(François et al., 2012). These models were limited by the complexity and ambiguity 
of natural language, and they often struggled to perform well on real-world tasks. 
More recently, however, there has been a shift towards using machine learning tech-
niques to build NLP models. These models are trained on large datasets of human 
language, and they learn to recognize patterns and make predictions based on that 
data.

One of the key innovations in NLP models has been the development of pre-
trained language models. These models are trained on massive amounts of text data 
and learn to represent the meaning of words and sentences in a high-dimensional 
vector space. These representations can then be fine-tuned on specific downstream 
tasks, such as sentiment analysis or machine translation, to improve their perfor-
mance. There are many different types of NLP models, including rule-based models, 
statistical models, and deep learning models. Deep learning models, such as con-
volutional neural networks (CNNs) (O’Shea & Nash, 2015) and recurrent neural 
networks (RNNs) (Salehinejad et  al., 2017), have become increasingly popular in 
recent years due to their ability to capture complex patterns in language data (Cho, 
et al., 2014; Peters, Neumann et al., 2018).

Recently, the Transformer architecture introduced by Vaswani et  al., 2017, has 
become the standard for pre-training large-scale language models, with a different 
approach from RNN models (Raffel, et al., 2020). RNNs process input data sequen-
tially and maintain a hidden state that captures information from the previous inputs. 
This hidden state is passed to the next time step and updated based on the current 
input, allowing the model to capture temporal dependencies in the input sequence. 
Transformers, on the other hand, use an attention mechanism to directly model the 
relationships between all input positions, rather than processing them sequentially 
(Dai, et al., 2019). The innovation brought by the Transformer architecture has led to 
a new era of pre-trained language models, where large-scale models are pre-trained 
on massive amounts of text data and then fine-tuned on specific downstream tasks. 
This has led to significant improvements in many NLP tasks, including machine 
translation, sentiment analysis and question answering. The recently developed criti-
cal models are summarized in Table 1 and can be categorized as follows: (i) BERT 
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(Bidirectional Encoder Representations from Transformers) introduced by Devlin 
et al., (2019); ALBERT (A Lite BERT) which is a modification of BERT introduced 
by Lan et al., (2020); RoBERTa (Robustly Optimized BERT Pretraining Approach) 
introduced by Liu et al., (2019); ELECTRA (Efficiently Learning an Encoder that 
Classifies Token Replacements Accurately) introduced by Clark et al., (2020) and; 
XLNet (eXtreme MultiLabelNet) introduced by Yang et al., (2019).

Pre-training a transformer model involves training the model on a large corpus 
of unlabeled data before fine-tuning it on a downstream task. The objective of pre-
training is to learn general representations of language that can be reused for multi-
ple downstream tasks, rather than optimizing the model for a specific task. Previo-
suly, training was done using specific databases such as news articles (Jozefowicz 
et al., 2016), Wikipedia articles (Merity et al., 2016) or books (Kiros, et al., 2015). 
The current approach is to train the transformer model in the most diverse database 
possible (Radford, et al., 2019), this will allow a posterior fine-tuning for specific 
tasks with a better performance. The most common pre-training objective for trans-
former models is masked language modeling (MLM) (Sinha, et al., 2021). In MLM, 
a certain percentage of the input tokens are randomly masked, and the model is 
trained to predict the masked tokens based on the context provided by the unmasked 
tokens. This objective encourages the model to capture the context-dependent rela-
tionships between different tokens in the input sequence. Another pre-training objec-
tive used in transformer models is next sentence prediction (NSP) (Shi & Demberg, 
2019). In NSP, the model is trained to predict whether two sentences are contigu-
ous or not, based on a given pair of sentences. This objective encourages the model 
to capture the relationships between different sentences in a document. Pre-trained 
models have several advantages over traditional NLP models. First, pre-trained 
models require less labeled data for fine-tuning. This is because the pre-training pro-
cess allows the model to learn general language structures, which can be applied 
to new, specific tasks. This reduces the amount of labeled data required to achieve 
high performance on new tasks. Second, pre-trained models are transferable across 
languages and domains. This means that a model pre-trained on one language can 
be fine-tuned for a different language, without the need for large amounts of labeled 
data. Additionally, a pre-trained model can be fine-tuned on specific domains, such 
as legal or medical language, without requiring large amounts of labeled data in 
those domains.

Table 1   Summary of the pre-trained models used

Trans-
former 
layers

Hidden size Atten-
tion 
heads

Parameters Processing Length of training

BERT base 12 768 12 110 million 4 TPUs 4 days
ALBERT base 12 768 12 11 million 64 TPUs 1 day
RoBERTa base 12 768 12 125 million 32 TPUs 4 days
ELECTRA base 12 768 12 110 million 1 TPU 3 days
XLNet base 12 768 12 110 million 32 TPUs 3.5 days
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AI development and the link with education

The use of AI in education has large impacts and consensually positive outcomes, 
particularly in administration, instruction and learning tasks. For the purpose of this 
research, it is particularly interesting the positive impacts the use of AI has in the 
engagement and improved learning of students and the needed control mechanisms 
(Chen et al., 2020). A remarkable advance in accessible and user-friendly AI is the 
wide publicly available ChatGPT by OpenAI in 2018.

The technology is an AI-powered chatbot or conversational agent developed by 
OpenAI, a leading artificial intelligence research organization. ChatGPT is based on 
the GPT (Generative Pre-trained Transformer) architecture, which is a type of deep 
learning neural network that has been trained on massive amounts of text data to 
generate natural language responses to user queries. ChatGPT is designed to engage 
in human-like conversation on a wide range of topics, from answering questions and 
providing information to engaging in casual chat. It is capable of understanding and 
responding to natural language inputs, using its knowledge of language and con-
text to generate responses that are relevant, informative, and engaging. ChatGPT is 
accessible through various interfaces, such as web browsers, messaging platforms, 
or applications that integrate with the model’s API. It can be used for a variety of 
purposes, such as customer service, education, entertainment, and more. Since the 
first generation lauch in 2018, OpenAI has developed the technology which had a 
large improvement with the 3.5 version. The latest version, to the date of the writing, 
is the GTP 4 which builds on the previous version and provides impressive solutions 
mainly concerning video, image recognition and code writing.

ChatGPT has tremendous impacts in academia, libraries and consequently in 
education (Lund & Wang, 2023). However, there are fragilities in the technology 
(Mathew, 2023) and the model still needs improvement has it still provides biased 
and wrong answers which can compromise its overall accuracy (Johnson, et  al., 
2023). This should be improved in the future as new generations will be released. 
The use of technologies such as ChatGPT will disrupt the current academic environ-
ment and will likely become as common as current tools such as a calculator or a 
computer (McMurtrie, 2023). The writing has become automated, and the grading 
of essays might be biased due to the use of this technology. This might have impacts 
at the level of simple essays but it may also affect the academic thesis writing. Argu-
ing the possible end of essays does not seem to be a solution (Rudolph et al., 2023). 
Essays play an important role in the development of critical thinking, develop-
ment of ideas and writing and speaking capabilities (Taghizadeh et al., 2020) from 
young ages until the higher education. Therefore, although AI tools usage should 
be supported due to the tremendous advantages it poses, this implies an extra step 
when evaluating essays which should be written individually and should be used to 
improve students’ capabilities.

The necessity of assessing if an essay is written by a computer program was 
already raised in academia. Abd-Elaal et al., (2022) highlight the growing concern 
of computer-generated writing tools and their potential to undermine academic 
integrity and standards. It underscores the need for raising awareness among 
academics about these tools, developing ways to identify its characteristics, and 
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implementing clear policies to regulate its usage. Such mechanisms of computer 
writing detection were already developed, for instance, in the paper by Tien & 
Labbé, (2017). This work addresses the need for automatic detection of automat-
ically generated texts to uphold the quality of bibliometric services. The study 
explores various text generation methods, demonstrating that documents pro-
duced by these methods can be reasonably well-classified. The paper introduces 
the Grammatical Structure Similarity (GSS) system, demonstrating an 80% posi-
tive detection rate and less than 1% false detection rate for sentences from known 
Probabilistic Context Free Grammar (PCFG) generators. The system’s efficacy is 
highlighted against other machine learning techniques, though practicality dimin-
ishes when applied to generators using different techniques. Although the authors 
use machine learning techniques, the paper was an early research and thus not 
capable of capturing recent developments in this field. Hence, Shahmohammadi 
et  al., (2020) discuss paraphrase detection, which is a fundamental task in the 
area of natural language processing. Paraphrase refers to sentences or phrases that 
convey the same meaning but use different wording. In this research, the authors 
propose a new deep-learning based model which can generalize well despite the 
lack of training data for deep models. The evaluation results show that the pro-
posed model outperforms almost all the previous works in terms of F-measure 
and accuracy. Notably, the authors suggest that future research incorporates addi-
tional word embeddings, including ELMo, and leveraging state-of-the-art models 
like BERT and attention techniques that have gained recent attention in the field. 
However, as noticed by Weber-Wulff et al., (2023), the current AI writing detec-
tion tools are not as accurate as expected showing poor performance. The authors 
state that all detection tools scored below 80% of accuracy and only 5 over 70%.

Methodology

The main objective of this research is to use Transformer models to predict if a 
text is either written by AI or by a human. This is a difficult task because the NLP 
models are trained on large datasets to perfectly mimic human writing. However, 
there are patterns used by these models which can be captured by another trained 
Transformer model. The pre-trained Transformer model should then be fine-
tuned to a specific task to perform well on text classification or any other assign-
ment. By preprocessing the data and employing the AdamW optimizer, the model 
undergoes iterative refinement to enhance its performance. Unlike conventional 
techniques that often rely on simpler word frequency-based representations and 
lack the ability to capture semantic such as bag of words, TF-IDF, or n-grams, 
this method exploits the power of transformer models, enabling the capture of 
intricate patterns and contextual nuances. This is possible by leveraging the con-
textual understanding and self-attention mechanisms inherent in transformer 
architectures. The incorporation of performance measures ensures rigorous evalu-
ation, providing a robust validation of the model’s efficacy in distinguishing AI-
generated content.
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Computer used

The task of text classification will most likely be performed at individual or at small 
groups’ level. This is probably so due to the need of fine-tuning to a specific task and 
due to individual or small groups’ needs. Therefore, the computational resources 
are likely to be limited. The estimations were performed on an individual computer 
with average characteristics that can be confirmed in Table 2. Since fine-tuning does 
not require much computational resources, the task can be well performed using a 
computer with the characteristics mentioned. However, when replicating the results, 
the user should expect slow outputs, particularly when running several epochs, and 
some limitations in terms of data usage. In other words, the number of observations 
per database should be smaller in such machines.

Databases

Following the previous reasoning, small databases have been used to perform the 
fine-tuning, which characteristics can be confirmed on Table 3. The main reason is 
to test if the task of fine-tuning can easily be performed at individual level in a daily 
use.

Two databases were created: (i) training and (ii) testing. The test database is par-
ticularly large compared with the training database with the objective of accurately 
show the performance of the models. The databases are composed of three columns: 
(i) text to be analyzed, (ii) label identifying if a text is written by AI (binary vari-
able); (iii) source of the text for future identification.

For this research, the text used for classification was composed of abstracts from 
academic research papers. These abstracts were collected from a search in Scimago 
using the simple keyword “leadership”. Then, a random selection of the abstracts 
from several research fields and from the year of 2023 was performed. Thereafter, 

Table 2   Characteristics of the 
computer used to fine-tune and 
run the model

Characteristics

OperatingFsystem MacOS
Memory 16FGB
CPU AppleFM1
GPU AppleFM1F(no

FCUDAFavai
lable)

Table 3   Descriptive statistics of 
the database used

Small train Small test Large train Large test

Nb.FOfFtexts 80 70 120 100
Min.FTokens 94 39 82 39
Max.FTokens 464 555 464 555
Avg.FTokens 200 184 202 178
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the title of the research papers selected was used as a prompt to ask a text genera-
tion model to write an abstract for a paper with that title. Hence, it is possible to 
approximate the themes of the human written abstracts with the ones written by AI, 
improving the quality of the performance results. The model used to generate the 
texts was the GPT-3.5 developed and trained by OpenAI. This can be done via a 
simple code in Python with the respective API or simply by using the available tools 
such as ChatGPT which is constantly being updated and currently is based on the 
GPT-4 version.

Fine‑tuning

As already mentioned, the task of fine-tuning is essential for a good performance of 
the transformer model on a specific task. This fine-tuning allows a small adjustment 
on a pre-trained model to drastically improve its performance on a designated task.

However, first the model was tested without any previous fine-tuning and with 
common treatments of the data. The data was simply inputted as a Comma-Sep-
arated Values (CSV) file with the format described before. Then, a treatment was 
applied to the database which includes the following: (i) removal of special char-
acters and numbers: remove all the special characters in the text such as commas or 
parentheses. Numbers were also removed from the text. The removal of such char-
acters did not show meaningful differences in the final result as the model is focused 
on the tokens (i.e.: words) and not on punctuation, for example; (ii) convert to lower 
case: convert the text to lower case to make it completely uniform; (iii) combine 
the text into a single line: in case an abstract has several paragraphs, it was assured 
that all the text fits to a single line; (iv) remove extra spaces: delete any extra spaces 
between words resulting of previous data treatment, leaving a single space between 
words.

The application of this treatment to the data is crucial for enabling the model to 
capture significant patterns while mitigating noise and potential bias resulting from 
variations in the text or distinctive writing styles. Two additional treatments were 
considered, but their incorporation into the code was ultimately excluded. The initial 
treatment involves eliminating stop words (e.g., a, the, is), and the second treatment 
involves applying stemming to the text, reducing each word to its base form (e.g., 
transforming "creating" and "creative" to "create"). The rationale behind not apply-
ing these treatments is rooted in the endeavor to execute a complex text classification 
task. In this context, the composition and structure of the phrase hold paramount 
importance. The implementation of stop word removal and stemming could com-
promise the contextual integrity of the phrase, rendering the AI-generated text indis-
tinguishable from human-generated text. The test utilizing the standard transformer 
model without any fine-tuning was conducted using the code chunk presented in 
Table 4 (i.e., in this instance, for BERT). The test database and model were loaded, 
enabling the computation of performance metrics.

Subsequently, the fine-tuning operation was executed using the code chunk 
provided in Table 5. In this step, the AdamW optimizer was employed to refine 
the model. AdamW represents a variation of the Adam optimization algorithm 
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(Adaptive Moment Estimation) initially introduced by Loshchilov & Hutter 
(2019). Notably, AdamW incorporates an additional weight decay term compared 
to the conventional Adam, specifically designed to mitigate overfitting. The inclu-
sion of the weight decay term in AdamW serves to penalize substantial weights 
within the model, a factor known to contribute to overfitting. Although Adam 
has demonstrated effectiveness across a broad spectrum of deep learning tasks, 
it occasionally grapples with overfitting challenges. The introduction of AdamW 
addresses this concern by explicitly regulating the model through weight decay.

Table 4   Code chuck used to test the transformer models without fine-tuning

Table 5   Code chuck used to fine-tune the models



1 3

Journal of Computers in Education	

The code in Table  5 defines an optimizer using the AdamW algorithm with 
a learning rate of 2e−5 , and then fine-tunes a pre-trained model for a specified 
number of epochs. During each epoch, the optimizer’s gradients are reset to zero 
using the optimizer.zero_grad() method. Then, the model’s forward propaga-
tion is performed with the input data train_inputs and target labels train_labels, 
and the resulting loss is calculated. The backward propagation is then performed 
using the loss.backward() method to compute gradients, and the optimizer’s 
step() method is called to update the model parameters based on these gradients. 
Overall, this code implements the basic training loop for fine-tuning a pre-trained 
language model using the AdamW optimizer.

The learning rate of 2e−5 means that the optimizer adjusts the model’s param-
eters by a factor of 2e−5 times the computed gradients during each update step. 
The learning rate is a hyperparameter that controls the step size of the optimizer 
during parameter updates. It determines how much the model’s parameters should 
be adjusted based on the computed gradients. A smaller learning rate means that 
the model parameters will be updated more slowly and cautiously, which can help 
prevent overshooting the optimal values. However, it also means that the optimi-
zation process may take longer to converge. On the other hand, a larger learning 
rate means that the model parameters will be updated more aggressively, which 
can result in faster convergence but may also cause the optimizer to overshoot the 
optimal values.

Performance measures

Evaluating the model’s performance is a crucial aspect of this study, encompass-
ing assessments for both non-fine-tuned models and at each epoch during the fine-
tuning process. This comprehensive approach facilitates the computation of average 
performance metrics over multiple epochs. The evaluation employs the test database 
for all metrics except for loss, which is computed during fine-tuning. The measures 
utilized include firstly the loss, which is a measure of the error of the model on the 
training data. It is computed using the cross-entropy loss function as per Eq. (1).

where: yi is the true probability of class i, and pi is the predicted probability of class 
i

Secondly, accuracy is the proportion of correctly classified examples out of 
all examples. It is computed as the number of true positives and true negatives 
divided by the total number of examples as per Eq. (2).

where: TP (true positives), TN (true negatives), FP (false positives), and FN (false 
negatives)

(1)Cross Entropy Loss = −
∑

i
yi ∙ log(pi)

(2)Accuracy =
TP + TN

TP + TN + FP + FN
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Thirdly, precision is the proportion of true positives among all examples classi-
fied as positive. It is computed as the number of true positives divided by the total 
number of positive predictions as per Eq. (3).

where: TP (true positives) and FP (false positives)
Fourthly, recall is the proportion of true positives among all actual positive exam-

ples. It is computed as the number of true positives divided by the total number of 
positive examples as per Eq. (4).

where: TP (true positives) and FN (false negatives)
Fifthly, F1-score is the mean of precision and recall. It is a measure of the bal-

ance between these two measures as per Eq. (5).

Sixthly, AUC-ROC is the area under the receiver operating characteristic (ROC) 
curve. It is a measure of the model’s ability to distinguish between positive and neg-
ative examples. The ROC curve plots the true positive rate (TPR) against the false 
positive rate (FPR) for different threshold values. The AUC-ROC is computed as the 
area under the ROC curve. Lastly, AUC-PR: AUC-PR is the area under the preci-
sion-recall curve. It is a measure of the model’s ability to retrieve positive examples. 
The precision-recall curve plots the precision against the recall for different thresh-
old values. The AUC-PR is computed as the area under the precision-recall curve.

Analyze an entire document

After the fine-tuning and the definition of the performance measures, the model can 
be saved and is ready to use in the task defined. In real world scenario, it may be 
important to input an entire document and verify the probability of such a document 
being written by AI. This can be a biased analysis as parts of the document may be 
written by AI and other by humans, and the result will depend on the proportions of 
the text authorship. The best option would be to analyze smaller portions of text but 
as this is not always possible or comfortable, the transformer models allow an analy-
sis of an entire document.

The suggestion is that for such analysis, the user should import an entire PDF file 
and convert it into simple text as in Table 6. After that, the text preprocessing tech-
niques already explored should be applied. If the process is well conducted, the data 
will end up being exactly as a simple text input but with a considerable larger con-
tent. The transformer models have a limit of tokens which they can analyze at once. 
For example, the BERT base model can analyze 512 tokens. Therefore, it is crucial 
to divide the imported file into text chucks not exceeding the capacity limit of the 

(3)Precision =
TP

TP + FP

(4)Recall =
TP

TP + FN

(5)F1 =
2 ∗ Precision + Recall

Precision + Recall
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model selected. Then, a loop should be created to sum the probability of each text 
chunk being generated by AI and later a simple mean should be performed.

Python and libraries used

To execute the analysis proposed in this research, it is essential to utilize the latest 
version of the Python coding language (currently Python 3.11). In this case, Python 
was employed, installed through Anaconda, allowing for the straightforward con-
struction of environments and library installation. Specifically for the tasks outlined, 
heavy reliance was placed on the Transformers library, which offers state-of-the-art 
Natural Language Processing (NLP) capabilities. This library is constructed on top 
of PyTorch and TensorFlow, featuring pre-trained models for various NLP tasks, 
including text classification, question answering, and language translation. Addi-
tionally, the Torch library, designed for building and training neural networks, was 
utilized, particularly in the realm of deep learning and scientific computing. The 
Sklearn library, with a focus on the Metrics module, played a crucial role, provid-
ing a suite of functions for evaluating machine learning model performance. Finally, 
foundational libraries such as Numpy and Pandas were incorporated into the toolkit.

Results

As examined earlier, the primary aim of the research is to assess the probability of 
a text being composed by AI. To accomplish this objective, pre-trained Transformer 
models were employed. Initially, pre-trained models were utilized without any fine-
tuning. Following this, the models underwent fine-tuning to discern whether a sci-
entific abstract was authored by an AI tool, relying on the distinctive writing styles 
inherent in both human and AI-generated content.

Standard models

When employing the standard version of Transformer models (i.e., without fine-
tuning), the results of performance measures exhibit inconsistency, as detailed in 
Table 7. Subpar outcomes were observed across all performance metrics. Notably, 
there were elevated values for loss and diminished values for accuracy. Among the 
models assessed, BERT demonstrated the most favorable performance, albeit with 
an accuracy of only 53.75% and a precision of 52.17%. BERT and XLNet displayed 

Table 6   Code chuck used to import the entire PDF document
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commendable results for recall, indicating their ability to correctly identify posi-
tive values. However, considering all the other metrics, utilizing the models in their 
standard configuration for text classification, especially in the context of the intricate 
task outlined in this research, may be no more precise than a random guess.

Fine‑tuned models

Considering the results obtained for the use of the standard models without any fine-
tuning, it becomes clear that this step is crucial to obtain a more precise model. 
Hence, the fine-tuning of the models was performed and the results are summarized 
in Table 8.

Notable advancements are apparent with the implementation of the fine-tuning 
step, leading to improved performance measures across all models. Even after only 
12 epochs, a relatively limited number of training periods, BERT emerges as the 
most superior model among its peers. The model demonstrates robust values, with 
an accuracy of 94.52% and a precision of 93.66%. Significantly, the recall value is 
exceptionally high at 96.90%, second only to the ELECTRA model with a value 
of 97.62%. Other metrics also reveal similarly elevated results, hovering around the 
95% mark. In the context of our specific objective, emphasis is placed on the loss 
metric, representing the model’s error. BERT maintains an average loss of 0.3513, 
which, though improved, remains relatively high compared to the lowest recorded 
value of 0.1572. Additionally, BERT distinguishes itself for its swift convergence, 
achieving this in 87.35 min in the described environment. The BERT model une-
quivocally stands out as the top performer, closely followed by the ELECTRA 
model after fine-tuning. Consequently, the number of epochs was extended to 20, 
and both the BERT and ELECTRA models were fine-tuned, with the results detailed 
in Table 9.

With an increased number of epochs, there is evident improvement in the results 
for performance measures. Considering the loss as a pivotal metric, BERT reduces 
the average to 0.3179, with the minimum value reaching a mere 0.0521. While the 
average values for all other measures remain similar, the noteworthy enhancement 

Table 7   Results of the transformer models without fine-tuning

The bold means that were the best results in a given test

ALBERT BERT ELECTRA​ RoBERTa XLNet

Loss 0.7478 0.6868 0.6904 0.6961 0.7183
Accuracy 33.75% 53.75% 50.00% 50.00% 51.25%
Precision 38.98% 52.17% 0.00% 0.00% 50.70%
Recall 57.50% 90.00% 0.00% 0.00% 90.00%
F1 46.46% 66.06% 0.00% 0.00% 64.86%
ROC-AUC​ 33.75% 53.75% 50.00% 50.00% 51.25%
PR-AUC​ 43.67% 51.96% 50.00% 50.00% 50.63%
TimeF (min.) 1.77 1.67 1.72 1.69 3.49



1 3

Journal of Computers in Education	

Ta
bl

e 
8  

R
es

ul
ts

 o
f t

he
 tr

an
sf

or
m

er
 m

od
el

s a
fte

r fi
ne

-tu
ni

ng

Th
e 

bo
ld

 m
ea

ns
 th

at
 w

er
e 

th
e 

be
st 

re
su

lts
 in

 a
 g

iv
en

 te
st

A
LB

ER
T

B
ER

T
EL

EC
TR

A
​

Ro
B

ER
Ta

X
LN

et

M
in

im
um

A
ve

ra
ge

M
ax

im
um

M
in

im
um

A
ve

ra
ge

M
ax

im
um

M
in

im
um

A
ve

ra
ge

M
ax

im
um

M
in

im
um

A
ve

ra
ge

M
ax

im
um

M
in

im
um

A
ve

ra
ge

M
ax

im
um

Lo
ss

0.
13

21
0.

37
14

0.
78

56
0.

15
72

0.
35
13

0.
71

71
0.

41
34

0.
58

72
0.

69
94

0.
32

63
0.

58
38

0.
69

12
0.

04
11

0.
27

28
0.

68
68

A
cc

ur
ac

y
50

.0
0%

88
.8

1%
10

0.
00

%
75

.7
1%

94
.5
2%

10
0.

00
%

52
.8

6%
87

.3
8%

95
.7

1%
50

.0
0%

77
.3

8%
98

.5
7%

65
.7

1%
87

.2
6%

95
.7

1%
Pr

ec
is

io
n

0.
00

%
82

.2
6%

10
0.

00
%

67
.3

1%
93
.6
6%

10
0.

00
%

51
.4

7%
84

.3
0%

94
.4

4%
50

.0
0%

85
.9

9%
10

0.
00

%
65

.3
8%

84
.2

7%
92

.1
1%

Re
ca

ll
0.

00
%

91
.4

3%
10

0.
00

%
71

.4
3%

96
.9

0%
10

0.
00

%
94

.2
9%

97
.6
2%

10
0.

00
%

48
.5

7%
80

.7
1%

10
0.

00
%

40
.0

0%
92

.6
2%

10
0.

00
%

F1
0.

00
%

86
.0

4%
97

.2
2%

74
.6

3%
94
.9
2%

10
0.

00
%

67
.9

6%
89

.6
8%

95
.8

9%
60

.0
0%

78
.4

3%
98

.5
9%

53
.8

5%
87

.2
3%

95
.8

9
RO

C
-A

U
C

​
50

.0
0%

88
.8

1%
10

0.
00

%
75

.7
1%

94
.5
2%

10
0.

00
%

52
.8

6%
87

.3
8%

95
.7

1%
50

.0
0%

77
.3

8%
98

.5
7%

65
.7

1%
87

.2
6%

95
.7

1
PR

-A
U

C
​

50
.0

0%
86

.3
1%

10
0.

00
%

67
.6

1%
92
.6
4%

10
0.

00
%

51
.4

7%
83

.3
2%

93
.1

7%
50

.0
0%

76
.4

6%
97

.2
2%

65
.9

4%
81

.8
3%

92
.1

1
Ep

oc
hs

12
12

12
12

12
Ti

m
eF

(m
in

.)
96

.9
8

87
.3
5

98
.4

8
94

.5
9

17
3.

18



	 Journal of Computers in Education

1 3

lies in the lowest values for these measures, which are distinctly higher after the 
epoch increase. BERT maintains its position as the fastest model, converging in 
209.01 min compared to ELECTRA’s 226.80 min. However, ELECTRA still exhib-
its poorer metrics when compared to BERT, underscoring the need for a further 
increase in the number of epochs to mitigate the loss. It is essential to approach 
this increase cautiously, as an excessively high number of epochs poses the risk of 
overfitting. The determination of a reasonable number of epochs is crucial, con-
sidering that performance values tend to plateau and show minimal improvement 
beyond a certain point. Graph 1 reinforces this observation, illustrating that as the 
loss decreases, the remaining metrics reach a plateau with only marginal differences 
in their results as the number of epochs increases. To facilitate comparison with the 
loss metric, all measures were converted to their original values rather than being 
presented as percentages. In practice, continuous testing of the model with real sce-
narios after several epochs is deemed crucial. Following the fine-tuning with 12 
epochs, a real test to assess the model’s performance on the proposed task is recom-
mended. The same applies after increasing the number of epochs to 20 and beyond 
if warranted. In the context of this study and the task at hand, the BERT model 
exhibits robust results after 20 epochs, particularly considering the low value for 
the loss. However, ELECTRA evidently requires a higher number of epochs to yield 
improved results.

Experiment with the fine‑tuned BERT model

The BERT model has been identified as exhibiting the most promising accuracy 
results across all conducted steps. Consequently, it has been chosen for a conclusive 
real test, and the ensuing results are presented. Emphasizing the significance of con-
ducting such tests throughout the fine-tuning phase to calibrate the number of epochs 
is crucial. In this study, 20 epochs are deemed adequate to achieve a commendable 

Table 9   Results of the transformer models fine-tuned with 20 epochs

The bold means that were the best results in a given test

BERT ELECTRA​

Minimum Average Maximum Minimum Average Maximum

Loss 0.0521 0.3179 0.7012 0.1895 0.4833 0.7055
Accuracy 79.00% 94.50% 98.00% 50.00% 89.30% 97.00%
Precision 72.31% 92.53% 97.56% 50.00% 89.22% 100.00%
Recall 74.00% 97.30% 100.00% 76.00% 95.30% 100.00%
F1 81.74% 94.61% 100.00% 66.67% 91.01% 97.09%
ROC-AUC​ 79.00% 94.50% 98.00% 50.00% 89.30% 97.00%
PR-AUC​ 70.97% 91.33% 96.15% 50.00% 86.95% 95.04%
Epochs 20 20
TimeF(min.) 209.01 226.80
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model performance. However, in more intricate real-world scenarios, the necessary 
number of epochs might escalate.

To this end, BERT was fine-tuned, and both the model and the tokenizer 
employed (the model’s tokenizer available in the Transformers’ library) were saved. 
Subsequently, both elements were loaded, and functions were defined for text pre-
processing and computing the probability of inputted text being generated by AI, 
based on the outcomes of our pre-trained and fine-tuned BERT model. The pre-pro-
cessing of text holds significance to maintain uniformity with the input text format 
utilized during model fine-tuning. In our research, special characters and numbers 
were removed, the text was converted to lowercase, words were combined into a sin-
gle line, and unnecessary spaces between words were eliminated.

Ultimately, the probability of a text being AI-generated is computed using the 
designated function. The Softmax function is applied to normalize the outputs, 
yielding probabilities that sum up to 1—forming a valid probability distribution 
over the binary output classes (AI-generated or not). Consequently, the probabil-
ity returned by the predict function signifies the model’s confidence in the input 
text being AI-generated, considering the model’s training data and the fine-tuning 
process. The probability is then scaled up by 100 and presented with two decimal 
points, depicting it as a percentage value. The entire process is outlined in Table 10, 
accompanied by an example of the utilized code chunk.

Table 10   Code chuck used to test the fine-tuned models
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To evaluate the outcomes and assess their practical relevance, a novel database 
comprising 150 observations was meticulously curated. This dataset is equally 
divided between authentic abstracts extracted from Scopus in 2023, employing the 
keyword "machine learning," and synthetic abstracts generated for the same papers 
by three distinct models: (i) ChatGPT (supplied by OpenAI using GPT-3.5); (ii) 
Bing (supplied my Microsoft using GPT-4); (iii) Bard (supplied by Google). The 
models were invoked with identical commands. Graph 2 visually represents the out-
comes, illustrating the precision of predictions made by the fine-tuned model. Our 
model adeptly distinguishes human-authored texts, assigning them significantly low 
probabilities of being machine-generated. Conversely, it consistently attributes high 
probabilities to texts originated from AI models. Specifically, when analyzing texts 
produced by GPT-3.5, the model consistently yields elevated probability values, 
consistently exceeding the 95% threshold. A similar scenario is verified when ana-
lyzing texts produced by Bing which used GPT-4. Nevertheless, the results unveil a 
discernible decline in accuracy when Bard is utilized in lieu of the other two models.

According to the data presented in Table 11, 100% of the predictions associated 
with texts generated by GPT-3.5 exhibit probabilities exceeding 95%, indicating a 
high confidence in identifying these texts as AI-generated. For Bing produced texts, 
100% of the predictions made by our model are above the 90% probability thresh-
old and 94% of the predictions are above the 95% probability threshold. However, 
the consistency of these values diminishes when employing Bard, where only 44% 
of predictions for texts generated by Bard surpass the 95% probability threshold of 
being AI-generated. Despite this variability, the predictions for Bard-generated texts 
maintain a commendable level of reliability. Specifically, 94% of the predictions sur-
pass a 70% probability threshold, and 70% of the predictions exceed a 90% probabil-
ity threshold, showcasing the robustness of the model in ascertaining the AI origin 
of the generated texts.

The obtained results, particularly the diminished accuracy observed for Bard-gen-
erated texts, align with the fine-tuning process applied to the model. The fine-tuning 
exclusively utilized texts from GPT-3.5 and human-authored sources, showcasing 
optimal performance in those specific scenarios. The same scenario is verified with 
Bing as it is based on the same baseline GPT model, although a more recent version 
is employed. However, as the evaluation to different generative models is extend, 
the efficacy of our fine-tuned detection model varies, contingent upon the generative 
model employed and the data used in its training. Consequently, the adaptability of 
tools designed for detecting AI-generated writing necessitates adjustments according 
to the specific generative model in use. Fine-tuning the detection model with texts 
from diverse sources is a potential approach. However, this may compromise overall 
accuracy as patterns between different types of AI writing become more challenging 
to discern. Such an approach would also demand increased computational resources, 
owing to the requirement for larger datasets and extended fine-tuning epochs.

Our research methodology suggests the prospect of creating distinct tools tailored 
to different AI writing models. These specialized tools, fine-tuned for specific mod-
els, could be more efficient and accurate. Notably, the availability of sufficient data 
for successful generative model training remains a challenge, limiting the diversity 
of models. As a result, while certain models may proliferate based on established 
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methodologies, this study provides compelling evidence that tools developed for 
detecting text generated by prominent generative models can achieve high accuracy.

It is essential to acknowledge that the accuracy of our fine-tuned model is contin-
gent upon data consistency between the fine-tuning and testing phases. In this study, 
the model was fine-tuned using abstracts, and its effectiveness in detecting AI writ-
ing is demonstrated on texts of the same type. However, caution is warranted when 
extending this accuracy to other text types, as the optimal fine-tuning approach for 
different text categories remains uncertain, even though accuracy may remain high.

Discussion

The Transformer methodology, initially introduced by Vaswani et  al. (2017), has 
brought about a revolutionary shift in machine learning, particularly in Natural Lan-
guage Processing (NLP) tasks. This study proposes a classification task aimed at 
identifying texts generated by AI, assigning a probability percentage to such occur-
rences. This task proves valuable in essay grading and control tasks designed for 
university-level students.

The Transformer methodology facilitated the development of pre-trained models 
that leverage extensive data, a resource typically unavailable at an individual level. 
This scarcity complicates the training process, rendering it exceptionally intricate. 
The utility of pre-trained models lies in their ability to achieve high performance 
across various tasks with a less complex fine-tuning process. This research substan-
tiates the significance of this process by comparing performance measures of lead-
ing pre-trained Transformer models. When employing the standard model without 
fine-tuning, all models exhibited poor performance. This contrasts with the signifi-
cantly improved results observed post fine-tuning, utilizing a database comprising 
abstracts from real academic articles and those generated by GPT-3.5.

The BERT model introduced by Devlin et al., (2019) was confirmed as the top-
performer model analyzed for the task proposed in this research. Using the model 
without any fine-tuning process reveals levels of loss of 0.6868, accuracy of 53.75%, 

Table 11   Results breakdown for 
the probability of a text being 
generated by AI

%AI Bard (%) Bing (%) GPT-3.5 (%) Human (%)

 > 10% 100 100 100 6
 > 20% 100 100 100 4
 > 30% 100 100 100 2
 > 40% 100 100 100 0
 > 50% 100 100 100 0
 > 60% 100 100 100 0
 > 70% 94 100 100 0
 > 80% 84 100 100 0
 > 90% 70 100 100 0
 > 95% 44 94 100 0
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and precision of 52.17% for the BERT model, which was still the best performer 
among its peers. After a fine-tuning process of 20 epochs, it achieved average values 
of 0.3179 for loss with a minimum value in the last epoch of 0.0521. As for accu-
racy, the model showed average values of 94.50% with a minimum value of 79% and 
a maximum value of 98%. Similarly, the precision results show an average value of 
92.53% with a minimum value of 73.31% and a maximum value of 97.56%. Several 
studies have previously highlighted the need for AI writing detection tools as Abd-
Elaal et al., (2022) showed the growing concern regarding this issue and the need to 
raise awareness among academics of the utilization of AI tools. Many tools for AI 
writing detection were developed, particularly since the launch of the disruptive tool 
ChatGPT in 2018 by OpenAI. However, as noticed by Weber-Wulff et al., (2023), 
the current AI writing detection tools show poor levels of accuracy as all detection 
tools scored below 80% of accuracy and only 5 over 70%. The reasoning of this 
paper is that the lack of accuracy is due to generalization as tools try to identify and 
be compatible with every type of text. Generative AI models can adapt to different 
circumstances and the result will show this adaptability. For example, a command to 
write in academic manner will provide a different result than a command to write in 
a creative manner. Hence, a generic tool will likely show reasonable levels of accu-
racy but still lacking specificity and eventually showing poorer results when com-
pared with fine-tuned tools. This can be verified in the experiment conducted with 
the fine-tuned model. After this process, BERT was able to clearly discern between 
human written texts and the ones generated by GPT-3.5 and GPT-4. However, while 
using the same model on Bard generated texts, a reduction in accuracy was verified, 
showing the need for a fine-tuning process on a specific type of text.

Hence, if the classification task purpose is to detect AI writing in abstracts, the 
tools should be fine-tuned with this type of data. Similarly, the data used for fine-
tuning should be adapted to the specific writing level or style. This research pro-
poses the need to implement a control for detection of AI writing at university level. 
Therefore, the tool used needs to be fine-tuned to the type of writing at this school-
ing level. Analogously, if such tool would be used in different levels of the education 
system, it would need adaptation for the expected type of writing as the fine-tuning 
process needs to account for data provided by students of the schooling level ana-
lyzed. Hence, the fine-tuning process is a simple but crucial process to improve the 
model’s performance. This process needs adaptations according to the pre-trained 
Transformer model used (i.e.: can be found in the accompanying information), par-
ticularly at the model and tokenizer steps identified in Table 10. It is important to 
emphasize the need for removing noise from the data with the preliminary clean-
ing process. The approach followed suggests removing special characters, convert-
ing the entire text to lower case, combining the text into a single line, and removing 
extra blanks spaces. This process will allow the model to focus only on the essen-
tial tokens providing better outputs. Lastly, the definition of the optimal number of 
epochs is a tricky process as the model should not be fine-tuned excessively to avoid 
overfitting to the data. The fine-tuning (i.e.: as well as a training process) should 
stop as soon as the performance measures achieve a plateau. Therefore, the process 
should be stopped manually, or with an early stop mechanism activated as soon as 
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the measures are not improving beyond the desired value. Several models should be 
fine-tuned and tested to get a perception of which process provided better outcomes.

In the attempt to provide solutions for AI detection tools, several research pro-
posed early solutions such as Tien & Labbé, (2017) and Shahmohammadi et  al., 
(2020). However, they were not able to build on the current techniques and mod-
els mainly developed after the introduction of BERT in 2019. Shahmohammadi 
et al., (2020) proposes the use of such techniques in future research as the authors 
have found this gap in the literature. This research tries to contribute to this line of 
thought including Transformer models in such AI writing detecting tools. Indeed, 
seemingly due to a fine-tuning process of a pre-trained viable model and the use in 
a specific context, the approach proposed here provides better results than the ones 
previously identified by Weber-Wulff et al., (2023) and Johnson and et al., (2023). 
Indeed, Shahmohammadi et al., (2020) have identified the best performance model 
to show an accuracy of 88.5% and a f-measure of 70.3%. After fine-tuning, the 
BERT model used in this research showed average values of accuracy of 94.5% with 
a minimum value of 79%, and average F1 values of 94.61% with a minimum value 
of 87.74%. A caveat for these results is the amount of data tested (i.e.: less amount 
of data needed due to previous training), and the specificity of the task requested 
as other studies seem to have adopted general detection of AI writing. Another dif-
ferentiated feature of our analysis is the use of the probability and not a binary out-
come. The BERT model allows the computation of a percentage showing the prob-
ability of a certain text being written by AI tools. This approach allows a nuanced 
view instead of a static one. The percentage allows the user to understand the level 
of certainty of the model and if it falls in uncomfortable levels (i.e.: between 40 and 
60%), this should be an alert that a definitive conclusion should not be taken.

The use of tools such as the one proposed here, is in its initial phase and tremen-
dous improvements and adjustments must be made. As this research proposes an 
alternative based on previous pre-trained models, several caveats arise from the use 
of such solutions. Liang et al. (2021) have shown convincing proof of a bias of AI 
writing detection tools towards non-native English speakers. Indeed, while in theo-
retical realms it might not be crucial, the existence of false negatives but particular 
the existence of false positives, might be an important issue. Any tool developed 
will show errors while in use, but the consequences of such errors might have sev-
eral implications that are not currently foreseen. To account for true positives, our 
approach was to compute the recall value which for BERT showed an average value 
of 97.30% with a minimum value of 74% in the fine-tuning process. While the per-
centage of true positives is promising, it will certainly vary according to the task 
and in non-controlled environments. Furthermore, if the average value is considered, 
there are still 2.7% of wrongly classified observations.

As Lund & Wang, (2023) have identified, AI tools have tremendous impacts in 
society particularly in academia and education. Chen et al., (2020) have identified 
positives aspects of the adoption of such tools in education such as positive results 
in engagement and learning. However, several studies have identified possible fragil-
ities of AI tools which are still in an early stage of development (Liang et al. 2021; 
Mathew, 2023). Certainly, the BERT or other similar model needs further research 
and experimentation before being largely applied. These tools should be adapted to 
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the reality of the task they are proposed to solve and undergo a long and thorough 
testing time before being implemented. Plagiarism tools are already implemented 
in most universities to make the scientific writing more rigorous and avoid devi-
ant behaviors. The implementation of AI writing detection tools might undergo the 
same process of verifying their adaptability to the organization. It is crucial that, 
once the correct model was defined, it goes through an experimental period in which 
it is tested in real world scenarios. This experimental period should confirm the 
adaptability and accuracy of the tool as well as the capability of the infrastructure 
available.

As Chugh et  al., (2023) point out in a study on the implementation of tech-
nologies in higher education, the type of technology being implemented plays a 
crucial role for the success of its implementation. Therefore, it is critical that the 
users know the technology and their fundamentals. As Esteve-Mon et al. (2021)
states, the success of the implementation of digital tools depends critically on 
training and training strategies. Therefore, it is crucial to highlight the need for 
training of the users who are the ones evaluating the outputs of the tool. Human 
intelligence will always be crucial and irreplaceable, being the last resort to 
ascertain critically the accuracy of the model outputs. It is also interesting to note 
an apparent inherent contradiction of using AI to undo AI’s work of convincingly 
mimicking the conventions of human writing. The implementation of AI tools in 
education has positive impacts (Chen et al., 2020) and its usage is inevitable. As 
technology implementation proceeds, negative effects might be found and they 
will need to be corrected. This research is focused on the detection of AI writ-
ing in essays at university level where such tools should not be used as a primary 
source, as they could create a bias in students’ evaluation and jeopardize their 
critical thinking. Therefore, AI tools could be implemented under close human 
supervision to detect undesirable behaviors and improve fairness while techno-
logical solutions are fomented.

The present study holds significant educational implications owing to its innova-
tive approach to the subject of AI-generated writing. The primary implication lies in 
the enhancement of essay grading efficiency through the automation of identifying 
AI-generated content, especially in contexts where its use is inappropriate. When 
combined with other tools like automatic grading, this process stands to become 
more efficient, less prone to bias, and quicker. Consequently, the promotion of 
academic integrity can be achieved by identifying and preventing instances of AI-
generated content, thereby curbing plagiarism and fostering originality in academic 
endeavors. Such tools also have the potential to cultivate critical thinking skills. 
However, it’s imperative to exercise critical thinking in their utilization. Maintaining 
human oversight and critically evaluating outputs, particularly in tasks such as essay 
grading, is indispensable. Educators face the challenge of striking a balance between 
the benefits of AI technology and its inherent limitations, ensuring it complements 
rather than supplants human intelligence and critical thinking abilities. Moreover, 
there’s a pressing need for training and awareness regarding the technology and its 
underlying principles to effectively evaluate the outputs of AI writing detection tools 
and comprehend their limitations. This becomes especially crucial with models that 
require fine-tuning to enhance their effectiveness. The integration of critical thinking 
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and comprehensive training is paramount in mitigating ethical concerns, particularly 
those pertaining to biases and potential inaccuracies. Educators must remain vigilant 
in addressing these issues to ensure fair and impartial assessments.

The process outlined in this research holds promise for broader future develop-
ments that warrant attention. While this study serves as a preliminary exploration, 
showcasing a functional methodology capable of yielding compelling results, it’s 
essential to recognize that the data compiled thus far is primarily for testing pur-
poses. Consequently, it becomes imperative to apply this methodology to real-world 
data with genuine objectives. This approach facilitates the refinement of the model 
through a fine-tuning process and enables rigorous testing of its accuracy. Although 
the methodology demonstrates potential applicability across various domains, it’s 
advisable to tailor its implementation specifically to academic contexts. Therefore, 
the methods employed herein should be adapted and applied across different edu-
cational levels to assess the consistency of results, given the varying nature of writ-
ing styles encountered. For instance, tools deployed at the university level should 
undergo fine-tuning to discern AI-generated writing specific to that academic set-
ting, ensuring precision and relevance in detection. Moreover, it’s crucial to employ 
these methods with diverse datasets comprising students from varied backgrounds 
and academic years, following a panel data structure. This approach enables the 
assessment of accuracy while also facilitating the identification of potential biases.

Conclusion

This research explores the impact of the Transformer methodology, particularly in 
the realm of Natural Language Processing (NLP). The proposed classification task, 
aimed at identifying texts generated by AI, presents a valuable application in the 
context of essay grading and control tasks for university-level students. Leveraging 
pre-trained Transformer models, this study highlights the significance of fine-tuning 
processes in enhancing model performance. Even without fine-tuning, BERT dem-
onstrated superiority over its counterparts, and after a fine-tuning process, it exhib-
ited improvements in key performance metrics.

Addressing the limitations observed in existing AI writing detection tools, this 
research underscores the importance of task-specific fine-tuning to enhance model 
reliability and accuracy. The proposed methodology emphasizes the need to tailor 
the fine-tuning process to the specific writing level, style, and context. Moreover, the 
significance of data cleaning, optimal epoch determination, and noise reduction in 
the preliminary stages of the process is highlighted.

While acknowledging the initial phase of AI writing detection tools, this research 
suggests caution in their implementation due to potential biases. As technology, 
including AI tools, continues to impact academia and education, it is crucial to 
approach their implementation with care and consideration. The study reinforces the 
importance of thorough testing and adaptation to the specific organizational context 
before the widespread deployment of AI writing detection tools. Human intelligence 
remains indispensable, serving as the ultimate arbiter to critically evaluate model 
outputs.
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Practical implications

This research can have important implications in several fields and tasks. Particu-
larly, we have applied our approach to education, as this area will most certainly be 
highly affected by the development of AI. The use of AI shows significant benefits 
in improving learning outcomes and providing personalized education. However, 
the development of tools that allow for automated text generation, such as GPT-4, 
can raise concerns about academic integrity and individual reasoning. The find-
ings of the study suggest that pre-trained transformer models can effectively detect 
whether a given text was written by AI or by humans, which could help in identify-
ing instances of academic dishonesty. This technology could be utilized by educa-
tional institutions to monitor the use of automated text generation tools and ensure 
that students are developing their own reasoning and critical thinking skills.

It is likely that such tools will be present more often in the future in other areas 
apart from education. This study may also have provided a contribution to this appli-
cation and to the discussion of AI tools capable of generating text via the input of 
prompts. The study raises the awareness of the importance of developing human 
capabilities such as critical thinking and reasoning while adopting disruptive solu-
tions that can certainly improve the way of teaching and learning, but also innumer-
ous other aspects of daily life.

Limitations and suggestions

Although the interesting and encouraging results of this research, it is crucial to 
highlight some if its limitations. First, it is important to highlight the use of pre-
trained models for a text classification task. The BERT model has revealed to be 
particularly accurate in this task. However, it can provide different results for differ-
ent tasks or for different types of text. Second, and in order to guarantee accuracy, it 
is crucial to fine-tune the model. Nevertheless, the success of the fine-tuning process 
is completely dependent on the database’s quality. The data should be as similar as 
possible to the one to which the model will be finally applied. Third, this study con-
cluded that 20 epochs of fine-tuning process provide very accurate results. Neverthe-
less, this can differ depending on the task, on the database used, or the complexity of 
the real-world text. Fourth, the computational resources used were limited to show 
evidence of the application of such approach to real world scenarios. However, this 
also limits the amount of data used in the fine-tuning process and may make the pro-
cess much slower. The approach proposed will become more accurate as the amount 
of data used for fine-tuning increases. Fifth, it is clear that the potential of trans-
former models in detecting text written by AI is large. Nonetheless, the approach 
proposed is not definitive and certainly has margin for improvement. It is crucial 
to bear in mind the possibility for error in such tools, particularly dependent on the 
fine-tuning process. This limitation is visible in the experiment conducted where 
applying a model fine-tuned using GPT-3.5 text in texts generated by Bard, revealed 
lower performances. Hence, the fine-tuning process should be adapted to the spe-
cific task requested and might not show similar performance levels for other tasks 
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(e.g.: the model fine-tuned with the simple purpose of detecting purely AI generated 
text might show lower performance when detecting paraphrasing). Furthermore, the 
bias propensity of such AI tools must not be overlooked and should also be consid-
ered when applying these solutions.

The approach here proposed will benefit from testing the results in much larger 
databases. This will improve the certainty that our proposed approach is reliable for 
larger sources of data. This should also be done using other data types and not only 
abstracts of academic papers. Furthermore, the need to test this approach with real 
experimental data is crucial. The approach here developed should be tested in real 
world scenarios to ascertain its real accuracy. In real world scenarios several limi-
tations and drawbacks might arise which were not foreseen in controlled environ-
ments. For instance, the need to analyze an entire document might reveal several 
challenges as only part of the document might have been generated by an AI model. 
Although the tool might reveal effective in such scenarios, this will certainly affect 
the final percentage result leading to uncertainty. Therefore, the approach here pro-
posed might also be tested with full documents and not only plain text.

Due to the high pace at which technology evolves, the approach here proposed 
might be outdated soon and other more promising solutions might arise. Neverthe-
less, we aim at contributing to the development of this field and to the discussion of 
such pressing matters. Furthermore, it is important to notice that our approach is not 
the only available to perform the task of text classification. It should be possible to 
perform such task using a logit model or a RNN model, if trained and designed for 
such purpose. This alternative approach will require a large amount of data. This 
burden is overcome using the pre-trained Transformer model. Nevertheless, it would 
be important to confirm the accuracy and usability of such approaches. Lastly, we 
suggest the application of the proposed approach to different languages. In this 
research, we have applied our approach only to the English language. Therefore, we 
cannot assume the same behavior in other languages, but it is expected that the pre-
trained fine-tuned model will also show a good performance due to its pre-training 
phase.
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