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Abstract: Machine-generated content reshapes the landscape of digital information; hence, ensur-
ing the authenticity of texts within digital libraries has become a paramount concern. This work
introduces a corpus of approximately 60 k Romanian documents, including human-written samples
as well as generated texts using six distinct Large Language Models (LLMs) and three different
generation methods. Our robust experimental dataset covers five domains, namely books, news,
legal, medical, and scientific publications. The exploratory text analysis revealed differences between
human-authored and artificially generated texts, exposing the intricacies of lexical diversity and
textual complexity. Since Romanian is a less-resourced language requiring dedicated detectors on
which out-of-the-box solutions do not work, this paper introduces two techniques for discerning
machine-generated texts. The first method leverages a Transformer-based model to categorize texts
as human or machine-generated, while the second method extracts and examines linguistic features,
such as identifying the top textual complexity indices via Kruskal-Wallis mean rank and computes
burstiness, which are further fed into a machine-learning model leveraging an extreme gradient-
boosting decision tree. The methods show competitive performance, with the first technique’s
results outperforming the second one in two out of five domains, reaching an F1 score of 0.96. Our
study also includes a text similarity analysis between human-authored and artificially generated
texts, coupled with a SHAP analysis to understand which linguistic features contribute more to the
classifier’s decision.

Keywords: machine-generated text detection; large language models; natural language generation;
text analysis

1. Introduction

The outstanding capability of the Large Language Models (LLMs) to generate human-
like texts has raised content authenticity concerns for researchers and users around the
world [1,2]. LLMs demonstrated great potential in NLP tasks such as machine transla-
tion [3], summarization [4], dialogue systems [5], question answering [6-8], or information
retrieval [9,10]. In these scenarios, the objective is to produce qualitative texts that meet
the user’s requirement rather than deceive or mislead. Among their various applications,
the LLMs can be misused, for instance, to produce academic essays and research papers or
even generate fake news. They can produce nearly identical content with human-authored
texts when the LLM distribution is human-like, thus making the detection harder and
requiring the collection of additional samples [11,12].

A legitimate question is raised by Clark et al. [12] who stated that “Human evaluations
are considered the gold standard in Natural Language Generation (NLG), but as mod-
els’ fluency improves, how well can evaluators detect and judge machine-generated text
(MGT)?”. Hence, there is an emergent need for performant automated detection systems
and tailored approaches to maximize their potential.
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Additionally, despite the frequent attention given to high-resource languages such
as English, it is crucial not to overlook the importance of Natural Language Processing
(NLP) tools for languages with limited resources. Consequently, this research centers on
using NLP for Romanian, a language facing distinct challenges due to insufficient resources.
Nevertheless, the knowledge derived from this investigation offers flexible methodologies
and approaches that overcome the constraints imposed by limited data and can serve as a
starting point for studies on other low or less-resourced languages.

Current Study Objective

This paper examines existing techniques for identifying machine-generated text, ex-
plores their limitations, and proposes novel approaches that leverage advanced linguistic
analysis, contextual understanding, and pattern recognition to enhance the accuracy and
reliability of detection systems. By addressing this pressing issue, the research aims to
contribute to the development of more resilient and effective tools for safeguarding against
the proliferation of machine-generated text with malicious intent in digital contexts.

In this work, we propose and evaluate two detection methods to distinguish the
automated generated texts in the context of digital libraries, leveraging two models” archi-
tectures, namely Transformer-based and classic ML-based. As part of this study, starting
from a human-authored set of texts (7 k), we developed an extensive corpus of artificially
generated texts of around 52 k documents using six different LLMs and three different
generation methods, comprising texts across five domains. Among the text generation
techniques, we mention text completion, backtranslation, or paraphrasing. Text completion
is an NLP technique used to generate text by predicting the next word or sequence of
words in a given context. This method uses statistical language models that have been
trained on a large amount of textual data to generate the most probable words that would
complete a sentence or a paragraph. The language models used for text completion in this
experiment are based on GPT architecture [13] and are pre-trained on Romanian corpus.
Backtranslation is a text generation method that involves iterative translations from one
language to another and then translating it back to the original language. This method is
used to generate variations of the original text that may have different sentence structures,
words, or meanings. Paraphrasing algorithms generate a semantically similar text and
a grammatically correct output, preserving the input’s original meaning. A new text is
generated with the same sense while using different words and sentence structures. Para-
phrasing can also be used as a simplification instrument for rephrasing complex texts,
facilitating text comprehension by decreasing the reading difficulty.

The main contributions of our work are as follows:

¢  Contribution to the development of resources for a less-resourced language, such as
Romanian;

¢  The development of an extensive Romanian dataset, containing both human-authored
and machine-generated texts, of around 60 k documents across five domains, gener-
ated via seven distinct methods, using several LLMs and generation techniques like
text completion, backtranslation, and paraphrasing;

*  Two detection models based on different architectures, namely Transformer-based
and classic ML-based, designed to distinguish automatically generated texts for the
Romanian language. The ML model slightly outperformed the Transformer model,
reaching a macro F1 of 0.91, while the Transformer exhibited a macro F1 of 0.90;

*  An analysis of textual similarities between human-authored and machine-generated
texts for Romanian via similarity measures (cosine, BLEU, ROUGE) and non-parametric
statistical tests;

*  Anexploration of linguistic differences between human and artificially generated texts
via textual complexity indices.

We release as open-source the dataset (https:/ /huggingface.co/datasets/readerbench/
ro-human-machine-60k, accessed on 8 January 2024), and the codebase (https:/ /github.

com/readerbench/ro-mgt-detection, accessed on 8 January 2024).
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2. Related Work

Artificial text generation has been an active area of NLP research in recent years. This
section investigates the challenges associated with machine-generated text and the imper-
ative need for robust detection mechanisms. The integration of text generation through
generative language models has transformed NLP [14], facilitating content enrichment
and opening the debate for ethical considerations as also highlighted by Bender [15],
Brown [16], Michel-Villarreal [17], Farrelly [18], and other researchers in their studies.
Ethical considerations play a critical role in the responsible development and deployment
of these language models, prompting discussions on issues such as bias, misinformation,
and the societal impact of Al-generated content. As advancements in NLP have led to
the proliferation of sophisticated language models, the potential misuse of these models
for generating deceptive or malicious content has become a growing concern. Detecting
machine-generated text poses a unique set of challenges, including the ability of these
models to mimic human language intricacies and bypass traditional detection methods. Ad-
ditional challenges emerge when addressing less-resourced languages such as Romanian,
necessitating dedicated detection systems due to language specificity.

The subsequent sections provide a brief overview of the main neural architectures
employed in this study. Following this, we provide a comprehensive examination of
dedicated language models designed for the Romanian language, along with an exploration
of popular multilingual models that leverage the foundational architectures of these models.
This contextualization lays the foundation for an exploration of the existing landscape in
machine-generated text detection relevant to the scope of this research.

2.1. Neural LLM Architectures

GenerativePre-Trained Transformer, widely known as GPT, is a class of NLP models
(https:/ /platform.openai.com/docs/models/gpt-4, accessed on 8 January 2024) designed
for language understanding and generation tasks. GPT is built on the Transformer architec-
ture [3], incorporating self-attention mechanisms to model long-range textual dependencies
efficiently. GPT models are pre-trained on a massive corpus of text using unsupervised
learning, thus allowing the models to learn a rich language representation from the data
without any task-specific labels. Moreover, during pre-training, GPT models leverage the
Masked Language Model (MLM) objective to predict missing words in sentences, allowing
the model to capture contextual information and relationships between words in a text.
Additionally, GPT models are fine-tuned on downstream tasks using supervised learning.
Fine-tuning leverages the knowledge acquired during pre-training, which allows GPT to
achieve remarkable performance via transfer learning, even with limited data. The GPT
architecture has evolved from GPT1 to GPT4, each released version being characterized
by an increase in model size. GPT1 (117M parameters, max sequence length of 1024) [13]
was originally trained on a combination of two datasets: Common Crawl and Book Cor-
pus. This first version was, however, prone to generate repetitive text and could not track
long-term dependencies in a text, producing coherent results only for short text sequences.
GPT2 (1.5B parameters, max sequence length of 2048) [2] was trained on an exponentially
larger corpus combining Common Crawl, Book Corpus, and Web Text, being capable of
generating more human-like answers. Similar to its predecessor, it performed well on
shorter texts, lacking coherence or reasoning on longer texts. GPT3 (175 B parameters, max
sequence length of 4096) [16] kept increasing the training corpus, incorporating Wikipedia,
books, articles, and other sources, building datasets of trillion words. GPT3 capabilities
included generating coherent texts for longer sequences, understanding context, writing
computer code, or even creating art. GPT4 [19] was pre-trained to predict the next token in
a text and fine-tuned using Reinforcement Learning from Human Feedback [20]. Specifics
on model training and size have not yet been publicly released. GPT4 provides significant
improvements compared to its previous versions, being capable of processing images
and audio and providing coherent answers. The GPT series introduced variations in its
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architecture, such as layer normalization, gradient accumulation, and positional encodings,
to enhance model training and performance.

Text-To-Text Transfer Transformer (T5) architecture [21] is a transformative approach
in NLP, where language tasks are formulated as unified text-to-text problems leveraging
transfer learning. T5 is also built on the Transformer architecture, relying on self-attention
mechanisms and being capable of capturing contextual information across input and output
tokens. T5 leverages an encoder—decoder architecture, where the encoder processes the in-
put text, and the decoder generates the output text. Moreover, T5 uses positional encodings
to preserve spatial information and token positions. The authors used SentencePiece [22]
to encode text as WordPiece [23] tokens, resulting in a vocabulary of 32,000-word pieces.
The model was pre-trained on a set of languages, including Romanian. There are sev-
eral model versions released of different sizes—e.g., T5-Small (60 M parameters), T5-Base
(220 M parameters), T5-Large (770 M parameters), T5-3B (3 B parameters), and T5-11B (11 B
parameters). The models achieved state-of-the-art results on various tasks such as machine
translation, abstractive summarization, question answering, and text classification.

Finetuned Language Net (FLAN) [24] emphasized fine-tuning as a key component in
its design for achieving high performance across various tasks and improving zero-shot
learning ability for language models. FLAN was fine-tuned on a large set of instructions—
more than 470 NLP datasets and 1800 tasks, which makes the model suitable to follow
instructions, even for unseen tasks. The model was evaluated against language infer-
ence, reading comprehension, question answering, machine translation, common sense
reasoning, coreference resolution, and additional tasks like sentiment analysis, paraphrase
detection, and struct-to-text. FLAN-T5 outperformed GPT3 on zero-shot prompting on
20 out of 25 tasks.

Bidirectional Auto-Regressive Transformers (BART) [25] is a denoising auto-encoder,
representing a combination between BERT and GPT architectures, by using a seq2seq
machine translation with bidirectional encoder and left to right decoder. The pre-training
shuffled the order of sentences, and chunks of text were replaced with masked tokens using
an infilling scheme. BART is efficient in text generation and comprehension tasks, achieving
good results on various NLP tasks like machine translation, abstractive dialogue, question
answering, or summarization. The model was released in two standard versions: BART-
base (6 encoder and decoder layers and 140 M parameters) and BART-large (12 encoder
and decoder layers and 400 M parameters), and three fine-tuned versions of the BART-
large model on MNLI [26] which is a bitext classification that predicts if one sentence
entails another (BART-large-mnli), CNN/DM [27] which is a news summarization dataset
(BART-large-cnn), and Xsum [28] which is also a news summarization dataset with highly
abstractive summaries (BART-large-xsum).

2.2. Generative Models
2.2.1. Romanian Specific Language Models

Most of the previous models were released for high-resourced languages, such as
English or multilingual models, with lower performance than the language-dedicated
models—these multilingual versions are presented in detail in the following sub-section.
With the development of language models and the increasing need for dedicated resources,
Romanian-dedicated language models emerged.

With the introduction of RoGPT2 [29], state-of-the-art performance was achieved for
Romanian text generation by leveraging a Romanian version of GPT2 [2]. RoGPT2 was
trained using the largest available corpus for Romanian and was evaluated against six tasks
from the LiRo benchmark [30], specifically (1) text categorization and dialect classification,
(2) sentiment analysis, (3) semantic textual similarity, (4) machine translation, (5) QA and
zero-shot cross-lingual learning, and (6) language modeling. For all the targeted tasks
except zero-shot cross-lingual learning, RoGPT2 outperformed other BERT-based models
for Romanian, such as RoOBERT or BERT-ro-base. Competitive results were achieved for
another task, namely grammar error correction (RoGEC), leveraging the RONACC corpus,



Future Internet 2024, 16, 41

50f 31

and demonstrating its capability of generating grammatically correct text. RoGPT2 was
released in three versions: base (124 M parameters), medium (354 M parameters), and large
(774 M parameters).

A similar model was developed for automatic text generation called MCBGPT-2 [31].
The model was trained exclusively on a corpus of 24,600 news articles collected between
March and October 2021, manually labeled as true or fake news with different polarities
(i.e., positive or negative). Following the same methodology as RoGPT2, the model was
trained using 131 M parameters. Validation was performed via statistical analysis between
the original and generated news items. Evaluation metrics such as tokens distribution,
BERTScore [32], BLEU [33], and ROUGE [34] metrics were considered. Results show that
RoGPT2 [29] exceeded the performance of the MCBGPT-2 model in terms of length and
metrics scores of the generated sentences. However, MCBGPT-2 achieved better results for
BERTScore, a metric that uses a pre-trained model to understand the generated text and
the text of reference for comparison.

RoSummary [35] is a generative language model for abstractive summarization. The
model is based on the RoGPT2 architecture, trained to predict the next token using the
previous sequence. Four control tokens were used to indicate the characteristics of gener-
ated text, namely NoSentences (i.e., number of sentences that the summary should have),
NoWords (i.e., number of words generated in the summary), RatioTokens (i.e., propor-
tion in which the sequence of words in the summary must be longer than the input),
and LexOverlap (i.e., ratio of 4 grams in the summary that appear in the reference text).
The model generated grammatically correct texts and was evaluated using ROUGE and
BERTScore. Experiments were conducted with three versions of the model with a context
size of 724: base (12 layers, batch size of 128), medium (24 layers, batch size of 24), and large
(36 layers, batch size of 16). The medium version achieved the best results, combined with
beam search decoding (ROUGE 34.67% and BERTScore 74.34%). However, using control
tokens improved BERTScore by up to 2%. Higher scores were achieved when only one
control token was used.

A more recent model based on GPT-3 architecture [16] is GPT-NEO-RO (https://
huggingface.co/dumitrescustefan/gpt-neo-romanian-780m, accessed on 8 January 2024).
The model has 780 M parameters, making it one of the largest language models available
for Romanian. The model’s architecture is composed of multiple Transformer blocks
interconnected through multi-head self-attention mechanisms, allowing the model to
capture long-range dependencies and dependencies between different parts of the input
sequence, which is critical for generating coherent and fluent text. GPT-NEO-RO was
pre-trained on a 40 GB corpus of Romanian text collected from various sources (e.g., Oscar,
Wikipedia, Romanian literature), being fine-tuned on various NLP tasks, such as language
modeling, text classification, and sentiment analysis.

Romanian versions of T5 [21] and Flan-T5 [36] were recently published by the re-
search community and fine-tuned for specific tasks, such as paraphrasing. Flan-T5-
paraphrase-ro (https:/ /huggingface.co/BlackKakapo, accessed on 8 January 2024) is built
on the T5 architecture and was fine-tuned for the paraphrasing task. The model gener-
ates different versions of the same sentence while preserving its meaning. It was pre-
trained on 60,000 Romanian paraphrasing documents (https://huggingface.co/datasets/
BlackKakapo/paraphrase-ro, accessed on 8 January 2024), and it was released in three
sizes: small (77 M parameters), base (220 M parameters), and large (783 M parameters).

2.2.2. Multilingual Generative Language Models

Although dedicated Romanian language models achieved superior performance over
the multilingual models, few multilingual alternatives with support for the Romanian
language exhibit good results. The OpenAl text-davinci-003 is a multilingual InstructGPT
model [37] part of the GPT-3.5 series, with a size of 1.5 B parameters with 12 Transformer
layers. The model was trained on data up to June 2021 using a supervised fine-tuning
technique by distilling the best completions from all models and has a max token capacity
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of 4097. Newer models based on GPT 3.5 are the turbo models, i.e., gpt-3.5-turbo-1106,
trained on data up to September 2021 and having a larger context window (16,385 tokens)
compared to its precursors. This version provides improved capabilities of instruction
following, embedding JSON mode, and parallel function calling, returning a maximum
of 4096 output tokens. The next GPT generation, GPT-4 and GPT-4 turbo, have superior
context windows, up to 128,000 tokens, and have been trained on data up to April 2023.
Compared to the previous generation, GPT-4 accepts images as input and has advanced
reasoning capabilities.

mBart [38] introduced pre-training on Romanian-English corpus (WMT16 [39]) and
argued that multilingual denoising improved MT at both sentence level and word level.

Other multilingual language models that leverage the text-to-text transfer Transformer
(T5) architecture are mT5 [40] and Flan-T5 [36]. mT5 is a massively multilingual text-to-text
Transformer model pre-trained on 101 languages, containing between 300 M and 13 B
parameters. The model achieved strong performance on a diverse set of benchmarks.
Flan-T5 is an enhanced, fine-tuned version of T5, showing promising results in improving
performance and generalization for unseen tasks. Flan-T5 was released in five versions:
small (80 M parameters), base (250 M parameters), large (780 M parameters), XL (3 B
parameters), and XXL (11 B parameters).

For translation tasks, open-source multilingual projects like Opus-MT [41] emerged.
The repository provides over 1000 pre-trained translation models, including for the Ro-
manian language. The authors applied Marian-NMT [42] which is a machine translation
framework with efficient training and decoding capabilities.

2.3. Detection Mechanisms

Due to the outstanding performance of the generative language models in producing
qualitative texts extremely similar to human writings, machine-generated detection algo-
rithms became a necessity in the research field. Despite the release of various detection
systems, none of them have proven to be foolproof. This subsection explores the recent
state-of-the-art detection methods and algorithms.

According to Chakraborty [11], recent research in MGT detection can be split into
different categories, namely, statistical approaches, classification-based detection models,
zero-shot detection, LLM fine-tuning-based detection methods, and watermark-based
identification.

Statistical approaches use metrics like entropy, perplexity, or n-gram frequency to
distinguish machine-generated and human content [43,44]. More recent studies proposed
DetectGPT [45], which states the artificially generated text tends to lie in the negative
curvature of the log-likelihood. The model uses Gradient Boosting [46], a Machine Learning
(ML) technique that trains multiple models sequentially and combines them to produce
a more accurate model, which outperforms other zero-shot methods with high AUC [47]
scores. The algorithm extracts a set of 35 features from the input text, such as sentence
length, punctuation usage, and the frequency of particular words and phrases. These
features are fed to the Gradient Boosting model that predicts if the text is GPT-generated.
The model achieved an F1-score of 98.6%. Even though the DetectGPT algorithm is detailed
in the Mitchell [45] paper, the implementation was not open sourced nor publicly available
until recently. For this reason, the research community created a public implementation
(https:/ /github.com/BurhanUlTayyab/DetectGPT, accessed on 8 January 2024) of the
algorithm. The approach preserved the idea from the original paper; however, there are
a few differences in the feature extraction and the model training process. In the public
implementation, 20 features are extracted from the input text, which includes the frequency
of particular words and phrases, sentence length, punctuation usage, and the presence of
certain characters. These features are then fed to the Gradient Boosting model, which is
trained using cross-validation to ensure that the model is generalizable to new data. The
model achieved an F1-score of 96.3%, slightly lower than the original paper implementation.
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Another statistical approach for MGT detection is GPTZero [48] that uses perplex-
ity [49] and burstiness [50] to classify texts. Perplexity is a measure of text randomness
vastly used in NLP. The human-written text is considered less structured and more un-
predictable; therefore, its perplexity value should be higher. In contrast, a text generated
by Al should have a lower perplexity score. Burstiness considers other variables not ac-
counted for in perplexity to improve text analysis. The term refers to the appearance of
non-common tokens in random clusters. The artificially generated text tends to have a more
consistent structure than the human-written text. GPTZero uses these two measures to
determine if a text is human or Al-generated: through perplexity, GPTZero evaluates how
good a language model is at predicting the next token, while with burstiness, it assesses
the distribution of sentences. Detection is performed based on the idea that humans tend
to mix long and short sentences, while Al-produced sentences are more uniform. Recent
research [51] presents encouraging findings in the identification of Al-generated texts using
GPTZero. The study reveals an accuracy of 0.80 with a 95% confidence interval, a specificity
of 0.90, and a sensitivity of 0.65. The conclusion drawn is that GPTZero exhibits a low
false-positive rate (misclassifying human-written texts as machine-generated) and a high
false-negative rate (misclassifying machine-generated texts as human-written).

Despite the performance exhibited by DetectGPT and GPTZeo on English corpora,
both models had extremely poor results on our Romanian dataset, which is described in the
following section. As per the results of our preliminary experiments, GPTZero misdetected
all human texts as Al-generated, while DetectGPT misclassified most Al texts as being
written by humans. As outlined in the beginning, pre-existing solutions are primarily
designed for high-resourced languages like English and exhibit limited performance or
complete inoperability when applied to Romanian. As such, there is a need for specialized
solutions to deal with the specificity of the Romanian language.

Zero-shot detection is showcased by Gehrmann [44] via the Giant Language Model
Test Room (GLTR) study. The idea of the research is that LLMs generate from a limited
subset of the true distribution of natural language for which they have high confidence. To
test whether a text is machine-generated, the authors use three approaches: (1) compute
the probability of the word, (2) compute the absolute rank of a word, and (3) compute the
entropy of the predicted distribution. The first two steps evaluate whether a word was
sampled from a model similar to the detection model; in contrast, the last step verifies
whether the previously generated context is well-known to the detection system, such that
it is sure of its next prediction.

Classifier-based methods are widely spread in detection paradigms, while watermark-
based methods represent an innovative alternative to the above-mentioned methods [52].
In the early days, watermark methods were used in computer vision and image processing
to ensure copyright protection [53]. Recently, Kirchenbauer [54] proposed in their study
the use of watermarks with LLMs, incorporating signals in generated text, which is un-
detectable to human observers and can be detected with open source algorithms without
access to the language model API or parameters for detection. It works by selecting a
randomized set of “green” tokens before a word is generated and then softly promoting the
use of green tokens during sampling. It requires, however, access to the language model
while generating the text.

Another detection approach based on text classification was proposed by OpenAl
(https:/ /openai.com/blog/new-ai-classifier-for-indicating-ai-written-text, accessed on
8 January 2024) and consisted in fine-tuning a GPT model with data from Wikipedia,
WebText [55], and human input data to create an interface for a discrimination task using
outputs produced by 34 language models. Their approach combined the classifier-based
method with human evaluation to determine if a text was artificially generated. Nonethe-
less, this approach has some limitations. The text must have at least 1000 characters, and
it was primarily trained on English corpora, making it inappropriate for multilingual use
cases. Its authors recommend using the classifier only for English text since it performs
significantly worse in other languages. Based on the preliminary evaluations of a set of
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English texts, the model correctly identifies 26% of Al-written text (true positives) and
incorrectly labels human-authored text as Al text for 9% of the texts (false positives).

Simpler classifier methods involve ML models such as XGBoost [56]. In their approach,
the input features are based on the TF-IDF score and hand-crafted linguistic features based
on characters and punctuation. The authors achieved an Fl-score of 99% for detecting
ChatGPT text. However, as a limitation, it can easily perform overfitting due to sample
bias, requiring a large training dataset to overcome this drawback.

Among the various detection methods, we can also include fine-tuning language
models for binary classification [2]. Solaiman et al. [2] used a sequence classifier model
based on RoBERTa-base and RoBERTa-large, which achieved 95% accuracy on a GPT2
dataset detection. The advantage of this method is the bidirectionality, which allows
discriminative classification models to be more powerful for detection than generative
classification models.

However, despite the numerous studies targeting MGT detection, Krishna et al. [57]
highlight that paraphrased text escapes the existent detectors, including watermarking,
DetectGPT, or GPTZero, with an important drop in performance. Therefore, text perturba-
tions may affect detectors” accuracy, hence the increasing need for more reliable and robust
detection systems.

3. Method

Our method comprises two modules, namely the artificial corpus generation and the
detection models (see Figure 1). Both detection models are formulated as a multiclass
text classification task, leveraging a Transformer architecture and a Romanian pre-trained
encoder model versus an XGBoost model fed with a selection of linguistic features.

Data Sources
59,096 Texts

Human Texts Artificial Corpus Generation
7,387 LLMs

MGT Texts
” > 51,709
| fext completion, paraphrasing, backtranslation

Detection Models

Transformer-Based

Input Embedding

|

Load Pre-trained Tokenizer
readerbench/robert-base
"CLS" token representation

|

Load Pre-trained Model
readerbench/robert-base
(Masala et al.,2020)

l

Model Training
stratified labels, early stopping, gradient accumulation

Multiclass Sequence Classification
5 domains

!

Predictions
output labels & probabilities

Classic ML-Based

Input Embedding

Extract Textual Complexity Indices l

¢ Compute Burstiness
Kruskal-Wallis Test (Mean Ranks)
compute top 100 RBI

|

Build Feature Matrix
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Figure 1. Detection methods using RoBERT [58] and XGBoost [59] models.
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3.1. Corpus

The corpus for this study consists of multiple datasets of comparable text lengths, both
machine-generated and human-written. Experiments were performed against all datasets
iteratively for a comprehensive overview. For a detector that generalizes well on several
domains and writing styles, the human dataset comprises texts acquired from different
domains such as Romanian literature (i.e., books), news, medical, legal, and scientific
articles, obtaining a human corpus of 7387 documents across five domains, from which,

1. A total of 1401 books: 841 manually written abstracts provided by the Central Uni-
versity Library of Bucharest, representing descriptions of Romanian old documents
(literary magazines and books dated between the 19th century and the present), and
560 books descriptions (https://cartigratis.com/, accessed on 8 January 2024);

2. Atotal of 4320 news articles crawled from DigiNews (https://www.digi24.ro/, ac-
cessed on 8 January 2024);

3. A total of 557 medical texts acquired from several specialized publications: 71 texts
from medical scientific journals (https://srumb.ro/index.php?page=revista&spage=
numere&id=9, accessed on 8 January 2024), 372 texts from scientific magazines (https:
/ /www.medichub.ro, accessed on 8 January 2024), and 114 texts from glossary of
diseases (https://www.sfatulmedicului.ro/boli-si-afectiuni, accessed on 8 January
2024);

4. A total of 1000 juridical/legal texts representing Romanian law texts from Monitorul
Oficial (https://monitoruloficial.ro/, accessed on 8 January 2024);

5. A total of 109 scientific articles from the Romanian Journal of Human-Computer
Interaction (RoCHI) (http:/ /rochi.utcluj.ro/, accessed on 8 January 2024).

Our primary focus when generating the artificial corpus was to create human-machine
text pairs for analyzing the linguistic similarity and comparing the employed LLMs. Specif-
ically, we were interested in capturing model-specific patterns, which resulted in the global
dataset imbalance having a ratio of 1:7 for human-machine texts.

With respect to enhancing readability of the conducted experiments, we refer to the
readerbench/RoGPT2-medium model from HuggingFace as RoGPT2, dumitrescustefan/gpt-
neo-romanian-780m is denoted as GPT-Neo-Ro, flan-t5-small-paraphrase-ro is referred
to as Flan-T5, while OpenAl’s text-davinci-003 accessible via their API is referred to as
davinci-003. We maintain the original names for Opus-MT and mBART.

3.1.1. Text Generation Strategies

Starting from the human-authored texts, we expanded the dataset artificially via
text generation, leveraging different generation techniques and state-of-the-art language
models. An overview of the utilized methods and models is presented in Table 1.

Table 1. Methods overview for artificial text generation.

Text Generation Method Language Model
1. Text Completion RoGPT2
2. Text Completion GPT-Neo-Ro
3. Text Completion davinci-003
4. Paraphrasing Flan-T5
5. Backtranslation (Ro-Ru-Tr-Ro) davinci-003
6. Backtranslation (Ro-Fr-Es-Ro) Opus-MT
7. Backtranslation (Ro-En-Ru-Ro) mBART

Several techniques were leveraged for text generation, such as text completion, para-
phrasing, or backtranslation, to have a greater diversity of the artificially generated texts to
feed our detection system.

For each generation method, a different input was provided to the model. The text
completion method takes as input the first 10 words from each human text and asks the
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model to continue the text with coherent paragraphs, while for paraphrasing and back-
translation methods, the input is represented by the entire human written text fragments.
The motivation behind choosing 10-word prompts for the text completion task is to avoid
artificially inflating similarity scores in human-machine text pairs due to n-gram overlap.
Using longer prompts could lead to a higher number of shared words between the human
reference and the generated texts, skewing the similarity metrics by introducing a higher
degree of text overlap. By limiting the prompt length to 10 words, we aimed to strike a
balance where the generated texts could still be contextually meaningful, yet not exces-
sively overlap with the reference paragraphs, ensuring a more accurate evaluation of text
similarity without introducing unintended biases into the analysis.

The language models used for the text completion tasks are RoGPT2 (based on GPT2
architecture), GPT-Neo-Ro (based on GPT3 architecture), and Open Al’s davinci-003 (based
on GPT3.5 architecture). For the paraphrasing task, Flan-T5 (based on FLAN architecture)
was leveraged. The backtranslation task applied three multilingual models, namely davinci-
003 (based on GPT3.5 architecture), mBART (based on BART architecture), and Opus-MT
(based on a standard Transformer architecture with six attention layers in both encoder and
decoder network, having eight attention heads in each layer). The backtranslation models
used three iterative translations for each model.

The choice of employing iterative translations, involving translations from the original
language (Romanian) to multiple target languages and subsequently backtranslating to
Romanian, is motivated by several key advantages in the context of generating an artificial
corpus. First, this process induces a higher diversity of language patterns since iterative
translations introduce linguistic variations, thus making the artificial corpus more rep-
resentative of the linguistic variability encountered in real-case scenarios. Second, the
translations may yield different word choices and contextual interpretations by involving
multiple languages, contributing to richer representations in the artificial corpus. Third,
iterative translations introduce controlled semantic drift and ambiguity into the text. As the
text navigates multiple languages back and forth, subtle changes in meaning and context
may occur. This controlled variation is valuable for simulating ambiguities present in
real-world language. Fourth, the iterative translation strategy enhances generalization as
the generated corpus becomes more adaptable to a range of language variations, ensuring
better performance and robustness when applied to tasks involving varied linguistic inputs.

In the context of machine-generated text detection, the decision to use three iterative
translations instead of just two aligns with the goal of creating a more diverse artificial
corpus that further amplifies linguistic variations and introduces additional layers of text
transformation. While two iterations (forward translation and backtranslation) already
bring diversity, incorporating a third iteration enhances the previously introduced benefits.
This additional step ultimately contributes to the model’s capability to generalize effectively
across a wide range of linguistic variations.

3.1.2. Overview of the Generated Corpus

The Al-generated dataset was built starting from the human set using the previously
introduced strategies applied to the texts from each of the five domains. The machine-
generated set contains 51,709 documents across the five domains. The entire corpus reached
almost 60 k documents (59,096), both human and machine-generated—the overview is
presented in Table 2.

Lexical diversity was computed for each generated set to have a comparison baseline
with human-authored sets. Lexical diversity represents the variety of words used in a
given text and is commonly computed via the Type-Token Ratio (TTR) score, which is the
ratio of the number of unique words (types) to the total number of words (tokens) in a
text. A high TTR score indicates that a text has a wide range of different words (a higher
diversity); in contrast, a low TTR score means the text has a limited vocabulary and may be
repetitive (have a lower diversity). Lexical diversity and TTR score are important measures
in linguistics in general and for our experiment, as they facilitate analysis and comparison
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of the language use and generation style across different language generation models.
Based on the average TTR scores for our generated datasets, Flan-T5 and davinci-003 (on
back-translation task) produce the most diversified text, superior in diversity compared to
human writings.

For a comparison baseline, both models leverage the same data split for train-test
partitions and use stratified labels.

Table 2. MGT dataset: human-written and machine-generated texts.

Domain Method Model Avg TTR Doc Count Aggregate
Human Human 0.7447 1401
Completion RoGPT2 0.6615 1401
Completion GPT-Neo-Ro 0.7011 1401
Completion davinci-003 0.6125 1401
Books Backtranslation davinci-003 0.7652 1401 11,208
Paraphrasing Flan-T5 0.8708 1401
Backtranslation =~ Opus-MT 0.7581 1401
Backtranslation mBART 0.7379 1401
Human Human 0.6510 4320
Completion RoGPT2 0.6762 4320
Completion GPT-Neo-Ro 0.6867 4320
Completion davinci-003 0.6508 4320
News Backtranslation  davinci-003 0.7798 4320 34,560
Paraphrasing Flan-T5 0.8389 4320
Backtranslation =~ Opus-MT 0.6589 4320
Backtranslation mBART 0.7024 4320
Human Human 0.6911 557
Completion RoGPT2 0.6795 557
Completion GPT-Neo-Ro 0.6893 557
. Completion davinci-003 0.6262 557
Medical g ktranslation davinci-003 0.7510 557 4456
Paraphrasing Flan-T5 0.8503 557
Backtranslation =~ Opus-MT 0.7490 557
Backtranslation mBART 0.7618 557
Human Human 0.7264 1000
Completion RoGPT2 0.6542 1000
Completion GPT-Neo-Ro 0.6880 1000
Completion davinci-003 0.5828 1000
Legal Backtranslation ~ davinci-003 0.7987 1000 8000
Paraphrasing Flan-T5 0.8418 1000
Backtranslation ~Opus-MT 0.7231 1000
Backtranslation mBART 0.7514 1000
Human Human 0.6234 109
Completion RoGPT2 0.6901 109
Completion GPT-Neo-Ro 0.5460 109
Completion davinci-003 0.5810 109
RoCHI Backtranslation davinci-003 0.7514 109 872
Paraphrasing Flan-T5 0.8356 109
Backtranslation ~Opus-MT 0.6032 109
Backtranslation mBART 0.7477 109
Total 59,096

3.2. Detection Models

We built a comprehensive pipeline dedicated to the training and assessment of a text
classifier tasked with predicting the text generation model associated with a given text
fragment. This involves two distinct classification techniques, each based on different
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architectures. The primary objective is to evaluate and compare their efficiency, particularly
when incorporating additional features such as linguistic complexity into the analysis. The
comprehensive approach taken in this study aims to provide insights into the effectiveness
of diverse classification methodologies while considering nuanced linguistic attributes,
thus contributing to a stronger understanding of Al-text detection.

3.2.1. Transformer-Based Model

We model the task as a multiclass classification problem that leverages a Romanian pre-
trained encoder model, readerbench/RoBERT-base (https://huggingface.co/readerbench/
RoBERT-base, accessed on 8 January 2024). The model is trained for four epochs using
a data split of 80-20 ratio for the train-validation sets, using the maximum length of the
model of 512 tokens, with a batch size of 32 and a learning rate of 1 x 10~°. We use specific
parametrization during the model’s training to overcome the challenges of overfitting
and of the unbalanced dataset. As such, the model uses L2 regularization with a weight
decay of 0.1, adding a penalty term to the loss function that discourages large weights.
Moreover, we use early stopping to monitor the model’s performance on the validation
set during the training, stopping the training when the validation starts to degrade, which
indicates the model begins to overfit. This helps denoise the model learning and helps
generalize better on unseen data. We also leverage gradient accumulation. The weight
updates become more stable by accumulating gradients during several mini-batches (i.e.,
two in our case). This technique is helpful when dealing with large batch sizes that do not
fit into the available memory.

3.2.2. Classic ML-Based Model

This method leverages the ReaderBench textual complexity indices (RBlIs)
(https://github.com/readerbench/ReaderBench/wiki/Textual-Complexity-Indices, ac-
cessed on 8 January 2024), available for Romanian language. The first step in our classic
ML-based approach is to compute and extract the most relevant textual complexity in-
dices from the dataset containing both human and machine-generated texts. Since most
RBIs are non-normally distributed on the train partition, we employ the non-parametric
Kruskal-Wallis test with mean ranks to determine the most relevant indices in predicting
significant differences between human-written and machine-generated texts. From the
RBI collection, the top 100 indices with the most significant differences in mean ranks are
selected. These indices are considered the most relevant to distinguish between human
and machine-generated texts and are further used in the detection algorithm to build the
feature selection given as input to the classification model.

Additionally, we compute the burstiness measure, which shows the variation in word
lengths within a text and may be used to identify irregularities or changes in word lengths.
As such, we compute the mean word length as the average length of all words in the text.
Further, we compute the standard deviation of word lengths to measure the extent to which
word lengths deviate from the mean word length. The standard deviation measures the
dispersion of word lengths in the text. Finally, the burstiness is determined by dividing the
standard deviation by the mean word length. This ratio represents how much the word
lengths vary relative to their average length. Higher burstiness values indicate greater
variability in word lengths within the text, while lower values indicate more uniform
word lengths. Further, the feature selection is built by combining the bustiness score with
the top 100 textual complexity indices, which serve as input to the XGBoost classification
model. This enhances the model’s capability to discriminate between human and machine-
generated texts.

The selection of XGBoost as our classic ML model for the binary classification task of
detecting machine-generated texts was based on its superior performance and versatility.
XGBoost, an ensemble learning algorithm, has achieved noteworthy success in various
domains [60,61], particularly excelling in binary classification tasks. Its ability to handle
complex relationships within the data, manage large datasets efficiently, and mitigate
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overfitting makes it a robust choice for the given task. Furthermore, XGBoost is known for
its flexibility in handling diverse feature types and managing imbalanced datasets, which
is crucial when dealing with text data. The decision to opt for XGBoost is supported by
its proven track record in achieving high accuracy, precision, and recall in comparable
applications [60]. While other ML classifiers could be employed, the selection of XGBoost
is justified by its empirical effectiveness, which aligns with the objectives of this study,
ensuring a robust and reliable approach to text classification in the context of Romanian
binary text classification.

Due to the high degree of imbalance between human-written and artificially generated
texts, we leverage a weighted XGBoost classifier to mitigate this issue by incorporating
weighting and regularization parameters. Moreover, we perform hyperparameter tuning
by defining a grid search with five-fold cross-validation to find the best hyperparameters.
We select the best classifier with the optimal parameters from grid search (see Table 3), and
the classifier is further trained on the entire training dataset. Next, the classifier is evaluated
on the test dataset, and the class probabilities are predicted.

Table 3. Grid Search best parameters for ML-model.

Domain learning_rate max_depth n_estimators reg_alpha reg_lambda scale_pos_weight
Books 0.1 5 100 0.001 0.01 1
Legal 0.1 3 100 0.001 0.1 3
Medical 0.1 4 50 0.1 0.1 3
News 0.1 5 200 0.001 0.1 3
RoCHI 0.1 3 200 0.1 0.1 5

4. Results

Given the results presented in Table 4, both detection methods are effective instruments
for discerning human-authored from Al-generated texts across different domains. The F1
scores are generally good, showing minor differences between the two methods in terms
of performance. However, the number of misclassified texts, specifically for the human
category, varies across domains, behavior that is motivated by class imbalance. The random
chance for predicting each class, given the class imbalance of 1:7 (machine-generated to
human-generated texts), is 12.25%. Table 4 presents the cumulative results, based on
which the Transformer-based method outperformed the classic ML-based method on two
domains out of five, being better in distinguishing Al texts from human texts for legal and
news domains, while the linguistic features extracted in the classic ML-based approach
contributed to better results for books, medical, and scientific (RoCHI) domains.

Table 4. Detection results (bold marks the best scores per domain).

Transformer-Based Classic ML-Based

Domain P R F1 P R F1

Books 0.90 0.89 0.89 0.92 0.92 0.90
Legal 0.91 0.90 0.90 0.85 0.85 0.85
Medical 0.92 0.92 0.91 0.96 0.96 0.96
News 0.96 0.96 0.96 0.88 0.88 0.88
RoCHI 0.88 0.85 0.85 0.92 0.93 0.91
Micro 0.60 0.59
Macro 0.90 0.91

Transformer-based model. The multiclass classifier performs well across different
categories with high precision (P), recall (R), and F1-scores as highlighted by confusion
matrices (see Figure 2 for the books domain, while the matrices for other domains can be
consulted in Appendix A, Figure Al). While evaluating the model’s performance, it is
important to consider the dataset split, the sampling technique, and the class imbalance.
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The classification is less performant on the subset with fewer samples (i.e., RoCHI), causing
more confusion and an F1-score of 0.85, while the classification performs best for the subset
with the highest number of samples (i.e., news), achieving an F1-score of 0.96.

Confusion Matrix
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Figure 2. Transformer-based model: confusion matrix for the books domain.

Classic ML-based model. The human texts provide less accurate results because the
number of human samples in the dataset is seven times less than the total number of
Al texts. Analyzing the results by domains, the classic ML-based algorithm achieves the
highest F1 score for the medical domain (0.96), followed by the RoCHI domain, which
exhibits an F1 of 0.92. The precision for Al texts is particularly high (0.93), with only a
few misclassified Al texts (9 out of 144). Books domain follows with an F1 of 0.90. It
correctly identifies both human and machine-generated texts with high accuracy (0.92).
The legal domain exhibits reasonable performance as well, with an F1 of 0.85. We observe
the same pattern regarding human misclassified texts compared to Al texts motivated by
class imbalance. The news domain achieves an F1 score of 0.87.

Furthermore, we introduce SHAP (Shapley Additive exPlanations) [62] to examine the
contribution of individual features (RBI indices and burstiness) to the model’s predictions.
SHAP provides insights into why a particular prediction was made by attributing a portion
of the prediction to each feature. SHAP values are based on cooperative game theory to
allocate contributions among features, helping us understand the impact of each feature on
the model’s decision. The SHAP summary plots (see Figure 3 for the books domain, while
SHAP for other domains can be consulted in Appendix B, Figure A2) show the impact
of each feature on the model’s predictions for the respective domain. The features are
ranked by their importance, with the most important features at the top. The color of the
dots indicates the direction of the impact, with red indicating a positive impact and blue
indicating a negative impact. The size of the dots indicates the magnitude of the impact.
To determine which class is influenced most by a particular feature, we can look at the
color of the dots. For example, if the dots for a particular feature are mostly red, then that
feature is likely to be associated with the positive class (human text). On the contrary, if
the dots are mostly blue, then that feature is likely to be associated with the negative class
(machine text).
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Figure 3. Classic ML-based model: SHAP summary plot for the books domain.

Based on the charts, in the news domain, the most important features are the number
of nouns per paragraph, the number of unique words in the document, the word entropy
per paragraph, and the number of words per paragraph. The prediction is less influenced
by the number of punctuation marks per paragraph or by the number of words in the
document. This means the model predictions for the news domain are the most influenced
by morphology and surface indices. The books domain is most influenced by surface
indices like word entropy per paragraph and syntax indices like dependencies, but also by
morphology features like unique words for adverbs per sentence. The predictions are less
influenced by word polysemy or number of syllables in words. For the legal domain, the
model output is most influenced by the number of sentences in the document, the number
of syllables in words, and the number of connectors in the sentences. This reveals that the
syntax, word, and discourse elements are the differentiators, while the cohesion between
the first and last text element has a lower impact on the prediction. The main feature
of the medical domain is represented by a syntactic measure, namely case dependency
per paragraph, followed by a surface index, namely word entropy per paragraph. This
validates the assumption that more complex texts contain more information and more
diverse concepts. The third most significant index is burstiness, which shows the variation
in word lengths within a text and may be used to identify irregularities or changes in
word lengths. The scientific domain is most influenced by a syntactic index, namely case
dependency per paragraph, followed by word entropy per sentence, and a morphology
index, namely unique nouns in the paragraph.
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The SHAP analysis provides insights into the top linguistic features contributing
the most to the model’s predictions. As a general observation, we may notice among all
domains that the most significant indices were the surface indices, followed by morphology
and syntax, and then discourse structure.

5. Discussion

Our results highlight the effectiveness of both the Transformer-based and classic ML-
based methods in discriminating between human-authored and Al-generated texts across
diverse domains. The performance differences observed in the individual domains provide
valuable insights into the strengths and limitations of each approach, further pinpointing
potential paths for further refinement and application.

One key observation is the variance in misclassified texts, particularly from the human
category, across different domains. This behavior is attributed to class imbalance, where
the number of human samples is significantly lower than that of Al texts. The classic
ML-based model, in particular, shows sensitivity to this imbalance, as evidenced by the
notable improvement in results when experiments were conducted with an equal number
of documents for both classes. This underscores the importance of addressing the class
distribution challenge in training datasets to enhance the model’s accuracy, especially in
scenarios where human-authored texts are underrepresented.

Moreover, examining SHAP values for the classic ML-based model offers valuable in-
sights into the features contributing significantly to classification decisions. The consistency
of the average word entropy per paragraph as a strong indicator across multiple domains
suggests its importance in machine-generated text detection.

In addition to evaluating the performance of the Transformer-based and classic ML-
based models in discerning human-authored from Al-generated texts, we further research
two methods to gain a comprehensive understanding of the classification outcomes. First,
we conduct a human-machine textual similarity analysis to assess the degree of resem-
blance between human and machine-generated texts. This analysis involves leveraging
similarity metrics to quantify the textual proximity between the human texts and their
actual counterparts. By exploring the textual distinctions, we aim to discern any patterns
or divergences in similarity across different domains, providing insights into the models’
interpretability and their ability to capture subtle variations in writing styles.

Furthermore, we extend our investigation to analyze the impact of textual complexity
indices for both datasets. Textual complexity metrics, such as syntactic and semantic
features, are key in characterizing the complexities of written content. By examining indices
such as sentence length, vocabulary richness, and syntactic structures, we seek to clarify the
distinct patterns exhibited by human and machine-generated texts in each domain. This
dual analysis offers a multi-faceted perspective, allowing us to not only quantify the degree
of similarity but also investigate the inherent complexities present in the textual content,
thus enriching our understanding of the models’ performance across diverse domains.

5.1. Human—Machine Textual Similarity

For a better understanding of the similarity between human-written and artificially
generated texts, a series of statistical similarity metrics were computed, such as cosine
similarity [63], BLEU scores [33], and ROUGE scores [34], followed by non-parametric
statistical tests to determine the differences or patterns in the similarity scores, while
also extracting and comparing various textual complexity indices between human and
machine-generated sets of documents.

Cosine similarity measures the relatedness of documents using a bag-of-words rep-
resentation that considers term frequency. The main advantages of this approach are its
efficiency for high-dimensional data, such as text, and its insensitivity to document length,
while as for disadvantages, it ignores semantic meaning and word order. BLEU is a stan-
dard machine translation metric that measures the precision of n-grams (word sequences)
in the generated text. The main benefit is the penalization of overusing common words,
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while the shortcoming is represented by its sensitivity to the reference length, as well as
its disregard for recall and semantic meaning. The ROUGE scores are a set of metrics
used for evaluating text quality by comparing it to a reference text by measuring n-gram
overlap (ROUGE-N) and the longest common subsequence (ROUGE-L). As an advantage,
ROUGE is sensitive to content overlap and partial matches, while as a disadvantage, it
may not capture the semantic meaning well due to its limitation to the recall and precision
of n-grams. Therefore, analyzing the three scores together provides a more grounded
view of text similarity, covering different aspects, such as incorporating structural and
distributional aspects of the text (cosine), adding a layer of specificity via analyzing the
presence of key phrases and content overlap (ROUGE), and offering a view on how well
machine-generated texts align with human references in terms of specific word sequences
(BLEU).

The previous three similarity scores (i.e., cosine similarity, BLEU score, and ROUGE
score) were computed between human-written documents and artificially generated texts.
Cosine similarity measures the cosine of the angle between two vectors and denotes the
similarity between a pair of texts, while BLEU and ROUGE scores evaluate the quality of
machine-generated texts by comparing them to reference (human) texts.

The scores distribution for each domain is illustrated in Appendix C,
Figures A3—A7 for each dataset (e.g., books, news, medical, legal, and scientific/RoCHI),
and are further correlated with mean and standard deviation presented in Table 5 for a
comprehensive similarity overview. Models with higher mean scores are generally better
at capturing textual similarity according to the respective metrics. Nevertheless, we should
also analyze the standard deviations to understand the consistency of each model’s per-
formance. Lower standard deviations suggest more consistent performance, while higher
standard deviations indicate greater score variability.

Table 5. Mean (M) and standard deviation (SD) values for similarities per model.

. Cosine BLEU ROUGE
Domain Model M (SD) M (SD) M (SD)

RoGPT2 0.359 (0.118) 0.138 (0.124) 0.251 (0.120)

GPT-Neo-Ro 0.358 (0.076) 0.138 (0.018) 0.148 (0.029)

Flan-T5 0.545 (0.239) 0.296 (0.237) 0.395 (0.243)

Books Davinci-TC 0.375 (0.082) 0.164 (0.048) 0.202 (0.049)
Davinci-BT 0.410 (0.131) 0.079 (0.063) 0.133 (0.075)

Opus-MT 0.557 (0.147) 0.237 (0.098) 0.314 (0.099)

mBART 0.440 (0.141) 0.118 (0.073) 0.178 (0.081)

RoGPT2 0.467 (0.127) 0.196 (0.131) 0.313 (0.125)

GPT-Neo-Ro 0.417 (0.088) 0.151 (0.037) 0.187 (0.051)

Flan-T5 0.680 (0.160) 0.405 (0.194) 0.519 (0.170)

Legal Davinci-TC 0.418 (0.160) 0.139 (0.019) 0.186 (0.031)
Davinci-BT 0.356 (0.121) 0.054 (0.062) 0.112 (0.078)

Opus-MT 0.530 (0.167) 0.218 (0.124) 0.294 (0.128)

mBART 0.348 (0.160) 0.065 (0.073) 0.105 (0.097)

RoGPT2 0.375 (0.107) 0.077 (0.072) 0.212 (0.064)

GPT-Neo-Ro 0.387 (0.082) 0.140 (0.013) 0.137 (0.018)

Flan-T5 0.471 (0.234) 0.219 (0.199) 0.298 (0.226)

Medical Davinci-TC 0.403 (0.077) 0.132 (0.034) 0.182 (0.032)
Davinci-BT 0.421 (0.121) 0.075 (0.055) 0.139 (0.068)

Opus-MT 0.273 (0.127) 0.019 (0.064) 0.026 (0.081)

mBART 0.392 (0.154) 0.098 (0.064) 0.143 (0.075)
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Table 5. Cont.

. Cosine BLEU ROUGE
Domain Model M (SD) M (SD) M (SD)

RoGPT2 0.414 (0.102) 0.075 (0.066) 0.208 (0.056)

GPT-Neo-Ro 0.421 (0.081) 0.145 (0.012) 0.141 (0.019)

Flan-T5 0.530 (0.238) 0.224 (0.193) 0.316 (0.221)

News Davinci-TC 0.424 (0.082) 0.133 (0.032) 0.186 (0.030)

Davinci-BT 0.525 (0.104) 0.106 (0.065) 0.240 (0.084)

Opus-MT 0.671 (0.112) 0.285 (0.092) 0.360 (0.089)

mBART 0.688 (0.098) 0.310 (0.093) 0.384 (0.091)

RoGPT2 0.415 (0.082) 0.050 (0.044) 0.198 (0.025)

GPT-Neo-Ro 0.402 (0.069) 0.139 (0.009) 0.132 (0.012)

Flan-T5 0.471 (0.208) 0.165 (0.165) 0.243 (0.203)

RoCHI Davinci-TC 0.414 (0.079) 0.121 (0.020) 0.171 (0.017)

Davinci-BT 0.446 (0.105) 0.059 (0.036) 0.130 (0.051)

Opus-MT 0.661 (0.101) 0.281 (0.076) 0.353 (0.068)

mBART 0.451 (0.139) 0.113 (0.063) 0.162 (0.071)

Summarizing these results, we notice that Flan-T5 produces texts that are similar to
human-produced ones while also having the highest variability (standard deviation), thus
denoting potential inconsistencies.

Since our data do not follow a normal distribution across the five domains, non-
parametric statistical methods are required to compare and analyze the results of human
and machine similarity. These tests are valuable when working with similarity scores,
allowing us to make statistical inferences about the performance of different text generation
models without making strong assumptions about the underlying data distribution.

The Friedman test is a non-parametric statistical test that represents an alternative
to repeated measures analysis of variance (ANOVA) and represents a measure of the
variability between multiple models. Table 6 shows the Friedman test results for the five
domains applied to cosine similarity scores.

Table 6. Friedman statistics across domains for cosine similarity scores.

Domain Friedman Statistic p-Value
Books 2275.96 <0.001
Legal 2378.24 <0.001

Medical 545.72 <0.001
News 13,458.79 <0.001
RoCHI 213.61 <0.001

In hypothesis testing, a low p-value (typically less than 0.05) means the null hypoth-
esis is rejected, and significant differences exist among the tested models. According
to the results across all five domains, we have high Friedman scores and low p-values,
which suggests the compared language models perform differently in each domain, and
further analysis or pairwise comparisons can be conducted to understand the nature of
these differences.

We further perform the Wilcoxon test, targeting pairwise comparisons. The Wilcoxon
signed-rank test is used to compare two paired groups and check if there are significant
differences between them. Similarly to the Friedman test, the Wilcoxon test is used in cases
where data does not follow a normal distribution, and it denotes the degree of differences
between the two pairs analyzed. The Wilcoxon test results for our dataset across the
five domains for cosine similarity scores are presented in Appendix D, Figure A8. The
high Wilcoxon scores in the matrix (see Figure A8) argue substantial differences in cosine
similarity scores between pairs of models. There is strong evidence to suggest that the
variations in performance are statistically significant.
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5.2. Textual Complexity Indices

To explore the linguistic differences between human-written and machine-generated
texts, we additionally leverage the ReaderBench textual complexity indices (RBI) for Roma-
nian (https:/ /github.com/readerbench /ReaderBench/wiki/Textual-Complexity-Indices,
accessed on 8 January 2024). The selection of the top three textual complexity indices
(see Table 7) was determined through the Kruskal-Wallis statistical test. The indices that
exhibited the most notable variations among the domains were selected, providing valuable
insights into the distinctive linguistic features within each domain.

Table 7. Top indices per domain, where I, II, and III represents the rank.

Domain I II III

Books M(WdEntr/Par) Max(WdEntr/Par) Max(WdEntr/Sent)
Legal M(Dep_case/Sent) M(Connector_conj/Sent) M(Dep_nmod/Sent)
Medical Max(Dep_case/Par) M(Dep_case/Par) M(UngqWd/Par)

News M(Wd/Par) Max(Wd/Par) M(UngWd/Par)

RoCHI M(Dep_case/Par) Max(Dep_case/Par) M(Connector_conj/Par)

The analysis of the top three ranking textual complexity indices across different
domains yields valuable insights into the key features influencing the prediction process
of the classifier. While the specific indices vary between domains, a consistent pattern
emerges regarding the importance of certain features across diverse datasets. For the
books domain, the model deems word entropy per paragraph and per sentence as the
most significant factors. In legal texts, the focus shifts to dependencies per sentence, with
a notable emphasis on the number of conjunctions per sentence. The medical domain
distinguishes itself through lexical diversity, particularly in terms of specific dependencies
and the number of unique words at the paragraph level. Similarly, the news domain
emphasizes lexical diversity, as evidenced by the number of words and unique words per
paragraph. Scientific publications, on the other hand, prioritize specific dependencies and
the number of conjunctions per paragraph as the most influential indices. It is noteworthy
that despite the divergence in the top indices, the underlying consistency in the importance
of certain features across domains underscores the robustness of these linguistic patterns in
shaping the classifier’s predictions. The provided table summarizes the top indices for each
domain, offering a clear reference for understanding the observed linguistic distinctions.

The distribution of values for these textual complexity indices within each dataset
and domain is depicted in Figures A9-A13 in Appendix E. This provides a comprehensive
overview of the variations in the most critical statistical features present in both human-
written and machine-generated texts.

6. Conclusions

To conclude, our study introduced two distinct detection models designed for identify-
ing machine-generated text in the Romanian language, employing different architectures—
the first based on Transformers and the second based on decision trees with linguistic
feature extraction. Leveraging a substantial corpus of 60,000 Romanian texts generated
through diverse methods such as text completion, paraphrasing, and backtranslation, uti-
lizing state-of-the-art large language models, we conducted extensive experimental studies.
Additional investigations aimed to evaluate text similarity between human-authored and
machine-generated texts, considering both statistical and linguistic perspectives. The find-
ings underscored that artificially generated texts tend to exhibit higher complexity, while
human-written texts showcase greater diversity from a lexical standpoint.

The comparative analysis revealed the superiority of the classic ML-based detection
model over the Transformer model in three out of the five domains, as indicated by its
highest F1 score (0.96 for detecting texts in the medical domain). The XGBoost model that
considered linguistic features exhibited a macro F1 of 0.91, while the Transformer model


https://github.com/readerbench/ReaderBench/wiki/Textual-Complexity-Indices

Future Internet 2024, 16, 41

20 of 31

reached an F1 of 0.90. Despite these advancements, it is crucial to acknowledge that no
existing detection system is foolproof, emphasizing the ongoing need for continuous invest-
ment in developing reliable detection algorithms. The dynamic nature of text generation
methods and evolving language models necessitates a proactive approach in adapting
detection mechanisms to remain ahead of emerging challenges.

Moving forward, future research endeavors could explore innovative techniques for
enhancing the robustness of detection models. One path is the integration of advanced NLP
techniques to discern more subtle nuances in language use. Additionally, investigating the
potential impact of domain-specific linguistic characteristics on detection accuracy could
provide valuable insights. Moreover, the exploration of ensemble models combining the
strengths of different architectures may contribute to even more effective and versatile
detection systems. Also, investigating the generalization capabilities of the detection
models across diverse linguistic styles and writing conventions can provide insights into
their adaptability. Exploring the robustness of the models against adversarial attacks,
where subtle manipulations are made to deceive the system, is another option for future
research. Such explorations could lead to developing more resilient detection mechanisms
capable of withstanding sophisticated adversarial attempts in the evolving landscape of
machine-generated text. Sustained efforts in research and development are essential to
meet the growing demand for reliable and adaptive detection algorithms.
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Appendix A. Transformer-Based Model: Confusion Matrices per Domain
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Figure A1. Transformer-based model: confusion matrices per domains.
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Appendix B. Classic ML-Based Model: SHAP Summary Plots per Domain
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Figure A3. Text similarity metrics for books domain.

Discussion for books dataset textual similarity results:

Cosine similarity—as revealed by the cosine similarity results, Flan-T5 has the highest
mean cosine similarity score (0.5458), indicating it produces text that is more similar to
human-written texts. Opus-MT also has a relatively high mean score (0.5578), followed
closely by davinci-003 (on the backtranslation task, 0.4106). mBART and RoGPT2
have mean scores above 0.35, suggesting moderate performance, while GPT-Neo-Ro
and davinci-003 (on text completion task) have lower mean scores. From a variability
point of view, Flan-T5 has the highest standard deviation (0.2399), which denotes
a wide range of scores and potential inconsistency. Opus-MT also has a relatively
high standard deviation (0.1470), suggesting variability in its performance, while the
most consistent models for the books dataset are considered GPT-Neo-Ro, davinci-003
(on text completion task) and RoGPT2, which expose lower standard deviations and
variability in terms of performance.

BLEU—BLEU scores reveal Flan-T5 with the highest mean BLEU score (0.2960),
demonstrating better performance on average. Opus-MT has the second highest
score (0.2374), followed by models with intermediate performance like davinci-003
(on text completion task). GPT-Neo-Ro and RoGPT2 show lower performance, while
davinci-003 (on the backtranslation task) and mBART have the lowest scores. Concern-
ing the variability of the models, Flan-T5 has the highest standard deviation (0.2372),
illustrating variability in its BLEU scores. Lower variability and better consistency are
shown by GPT-NEo-Ro, Opus-MT, RoGPT2, and davinci-003 (on text completion task).
ROUGE—-concerning ROUGE score results, Flan-T5 is also on top of the list with the
highest mean score, followed by Opus-MT, while the lowest mean scores are registered
for the mBART model. From a variability perspective, Flan-T5 shows the highest
standard deviation (0.2437), hence the biggest variability in its ROUGE scores, while
among the consistent models are GPT-Neo-Ro, Opus-MT, and RoGPT2.
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Figure A4. Text similarity metrics for news domain.

Discussion for news dataset textual similarity results:

Cosine similarity—among the cosine scores, mBART has the highest mean score
(0.6888), which indicates that, on average, it produces the most human-like texts. Opus-
MT follows closely with a mean score of 0.6717. GPT-Neo-Ro, RoGPT2, and davinci-
003 have mean scores above 0.4 but below the top-performing models. In terms of
variability, Flan-T5 has the highest standard deviation (0.2389), which indicates a wide
range of scores and, hence, higher variability. A more consistent performance is shown
by GPT-NEo-Ro and RoGPT2.

BLEU—similar to cosine scores result, mBART is at the top of the list with the highest
mean BLEU score (0.3108), followed by Opus-MT (0.2854). The lowest BLEU mean
scores are reached for RoGPT2 and davinci-003 (on the backtranslation task). Similar
to the cosine analysis, variability scores (standard deviations) show Flan-T5 in the
top list for inconsistent results, while the more consistent models were GPT-Neo-Ro,
RoGPT?2, and davinci-003.

ROUGE—mBART shows the highest mean ROUGE score (0.3843) and a relatively high
variability illustrated by its standard deviation score. On the contrary, GPT-Neo-Ro
has the lowest mean score for ROUGE and is among the more stable models, having a
lower standard deviation and a more consistent performance.
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Figure A5. Text similarity metrics for medical domain.
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Discussion for medical dataset textual similarity results:

*  Cosine similarity—the top of the list model for cosine similarity scores mean is Flan-T5
(0.4716), followed by davinci-003 (on backtranslation task), which shows the most
similar texts to human-produced texts. The least similar texts are produced by mBART
and Opus-MT models, which exhibit mean scores above 0.27. In terms of variability,
Flan-Ts is also the most variable model, as shown by its standard deviation (0.2347),
while GPT-Neo-Ro and RoGPT2 show more consistent results.

e  BLEU—Flan-T5 has the highest mean BLEU score (0.2193), illustrating the best per-
formance, while Opus-MT exhibits the lowest mean BLEU score (0.0197). Moreover,
Flan-T5 exhibits the greatest variability, as shown by its standard deviation score
(0.1995), while RoGPT2 has lower standard deviations, thus causing more stability for
the results.

¢  ROUGE—Flan-T5 also shows the highest mean ROUGE score (0.2983), which shows
better performance on the one hand and the highest variability on the other hand,
with the highest standard deviation as well (0.2263). On the contrary, GPT-Neo-Ro
shows a lower mean ROUGE score (0.1374) but proves higher stability in terms of
standard deviation.

Legal Dataset - Similarity Scores Between Human And Each Model
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Figure A6. Text similarity metrics for Legal domain.

Discussion for legal dataset textual similarity results:

*  Cosine similarity—among the models, Flan-T5 exhibits the highest mean for cosine
similarity (0.6805), generating the most similar texts with the human set, nonetheless
it produces the most variable scores as shown by the standard deviation (0.1607). On
the contrary, the lowest mean is observed for davinci-003 (on backtranslation task)
(0.3569), which suggests the lowest similarity with the human texts. A high standard
deviation is noticed for mBART.

¢  BLEU-—similarly, Flan-T5 exhibits the highest BLEU score (0.4057) and a moderate to
high standard deviation (0.1948), indicating variability in its BLEU scores. The lowest
mean BLEU score is observed for davinci-003 (on the backtranslation task) (0.0540),
showing a moderate standard deviation.

*  ROUGE—ROUGE scores also highlight Flan-T5 with the highest mean score (0.5191),
indicating the highest similarity, and it has a moderate to high standard devia-
tion (0.1705), which shows a high variability in its scores. GPT3 has a mean score
of 0.1873 and a low standard deviation, which makes it more consistent, while
mBART has the lowest mean score but a high variability in scores, shown by its
high standard deviation.
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Figure A7. Text similarity metrics for RoCHI domain.

Discussion for scientific dataset (RoCHI) textual similarity results:

*  Comparing the average (mean) cosine similarity scores among the models for the
RoCHI dataset, the Opus-MT model has the highest mean score (see Table 5), indicating
that on average, it produces text that is more similar to human-written text according
to this metric. Flan-T5 also has a relatively high mean score (0,4719), while GPT-Neo-
Ro has a slightly lower mean (0,4024), followed closely by RoGPT2 and davinci-003
(on text completion task). Intermediate mean scores are observed for davinci-003 (on
backtranslation task) and mBART. Looking at the standard deviation scores (presented
in Table 5), Flan-T5 has the highest standard deviation (0.2089), indicating a wide
range of scores and potential inconsistency. Opus-MT has a relatively low standard
deviation (0.1019), suggesting that its scores are more consistent across different text
pairs, while other models have standard deviations that fall somewhere in between.

e  BLEU scores demonstrate consistent results with cosine similarity scores, showing
Opus-MT with the highest mean BLEU score (0.2812), indicating better performance
according to BLEU. Flan-T5 follows closely with a mean score of 0.1652, GPT-NEo-
Ro and davinci-003 (on text completion task) also have relatively high scores, while
RoGPT2 and davinci-003 (on backtranslation task) have lower mean scores, mBART
showing the lowest mean score (0.1136). The standard deviations for BLEU scores vary,
with Flan-T5 having the highest variability (0.1658), which suggests inconsistency in
its performance, while Opus-MT and RoGPT?2 have relatively low standard deviations,
indicating more stable performance.

*  ROUGE scores expose Opus-MT with the highest score (0.3533), indicating better
performance, followed by Flan-T5 and RoGPT2 with relatively high similarity. Davinci-
003 and GPT-NEo-Ro have intermediate mean scores, meaning a moderate similarity,
while mBART shows the lowest mean score (0.1624), signifying the least similarity with
the human texts. In terms of variability, Flan-T5 has the highest standard deviation
(0.2038), suggesting its ROUGE scores vary widely, while Opus-MT has a low standard
deviation, indicating more consistent performance.
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Appendix D. Pairwise Wilcoxon Test

Pairwise Wilcoxon Test Per Dataset By Model
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Figure A8. Pairwise Wilcoxon test by model per domain.
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