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Abstract

Recent advances in vision-language models such as BLIP-2 have made Al-generated image
descriptions increasingly fluent and difficult to distinguish from human-authored texts.
This paper investigates whether such differences can still be reliably detected by intro-
ducing a novel bilingual dataset of English and Romanian captions. The English subset
was derived from the T4SA dataset, while Al-generated captions were produced with
BLIP-2 and translated into Romanian using MarianMT; human-written Romanian captions
were collected via manual annotation. We analyze the problem from two perspectives:
(i) semantic alignment, using CLIP similarity, and (ii) supervised classification with both
traditional and transformer-based models. Our results show that BERT achieves over
95% cross-validation accuracy (F1 = 0.95, ROC AUC = 0.99) in distinguishing Al from
human texts, while simpler classifiers such as Logistic Regression also reach competitive
scores (F1 = 0.88). Beyond classification, semantic and linguistic analyses reveal system-
atic cross-lingual differences: English captions are significantly longer and more verbose,
whereas Romanian texts—often more concise—exhibit higher alignment with visual con-
tent. Romanian was chosen as a representative low-resource language, where studying
such differences provides insights into multilingual AI detection and challenges in vision-
language modeling. These findings emphasize the novelty of our contribution: a publicly
available bilingual dataset and the first systematic comparison of human vs. Al-generated
captions in both high- and low-resource languages.

Keywords: human vs. Al text generation; Al-generated text detection; image—text alignment;
transformer-based models; multilingual natural Language processing

MSC: 68T07; 68T50; 68T45

1. Introduction

With the rapid advancements in generative Artificial Intelligence (Al), large-scale
models are increasingly capable of producing fluent, coherent, and contextually relevant
text. One area where these models are widely used is automatic image captioning, where
the goal is to generate a descriptive text that matches the visual content of an image. While
early models struggled to generate human-like captions, recent architectures now produce
descriptions that are often difficult to distinguish from those written by humans.

Understanding the boundaries between human and machine language is crucial in
contexts such as academic integrity, authorship verification, and creative content attribution.
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This leads to a central question: Can we reliably distinguish between human-written and
Al-generated image descriptions? To answer this question, we first constructed a bilingual
dataset consisting of image descriptions, human-written and Al-generated, in English
and Romanian, and then we investigated how to distinguish between human-written and
Al-generated image descriptions.

For each language, English and Romanian, the dataset contains an equal number of
human-written and Al-generated captions. Human-authored descriptions were collected
through manual annotation, while the Al-generated counterparts were produced using a
state-of-the-art vision-language model. The Al-generated descriptions were obtained using
the BLIP-2 model (Bootstrapped Language-Image Pretraining 2) [1], and then translated
into Romanian using MarianMT [2]. This balanced composition allows for controlled
comparative analyses of linguistic patterns, stylistic differences, and the detectability of
machine-generated content across both languages. The dataset, together with source code
for reproducing our experiments, is publicly available on GitHub (https:/ /github.com/
Dani25/Human-vs-Al (accessed on 1 September 2025)). The dataset includes references
to the original images from the public T4SA corpus [3] but not the images themselves.
Instead, we provide the corresponding image file names, together with the human- and
Al-generated descriptions.

We investigated the question of reliably distinguishing between human-written image
description and Al-generated text from both a semantic similarity and classification perspective.

1.  Answer from a semantic similarity analysis perspective. We start by analyzing im-
age—text alignment using CLIP (Contrastive Language-Image Pretraining) [4], which
measures how well a given text semantically corresponds to an image. Additional
linguistic features were extracted, such as text length in characters and words, lexical
diversity and sentence complexity indicators.

2. Answer from a classification perspective. We then frame the problem as a binary
classification task and apply a variety of machine learning models, ranging from
traditional classifiers like Logistic Regression and Naive Bayes to more advanced
architectures such as XGBoost and fine-tuned BERT.

Our findings show that supervised models—particularly transformer-based ones—can
learn to detect subtle stylistic and semantic cues that separate human-authored from Al-
generated content. In addition to the classification perspective, the linguistic analyses
(e.g., length, structure) and CLIP-based visualizations offer deeper insights into the nature
of both human- and Al-generated language. By comparing CLIP scores for human- and
Al-generated descriptions (in both English and Romanian), we uncover notable differences
in how each type of text aligns with visual content—especially the tendency of human texts
to be more emotionally or subjectively anchored.

While most existing research on Al-generated text detection has focused primarily
on English, the ability of detection models to generalize across languages remains un-
derexplored. This limitation is critical, given that Al systems are increasingly applied in
multilingual environments where language diversity can affect model reliability. Investigat-
ing bilingual scenarios therefore provides valuable insights into whether current detection
approaches are language-dependent, and whether they can be extended or adapted to
handle non-English texts effectively. Our study addresses this gap by examining bilingual
analysis, thereby contributing to the broader understanding of cross-linguistic robustness
in Al detection models. The inclusion of cross-linguistic analysis in this work represents
a novel contribution, offering insights into how language affects both human and Al
expression and how this impacts detection accuracy.

Although English has been extensively studied in the context of Al-generated text
detection, Romanian remains a comparatively low-resource language in NLP research.
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This poses several challenges, including the limited availability of annotated datasets,
pretrained language models, and evaluation benchmarks. In our work, Romanian captions
were either written by human annotators or obtained via translation, which partially
mitigates the scarcity of resources but also introduces translation artifacts. Future directions
could leverage multilingual transformers (e.g., mBERT, XLM-R) or data augmentation
techniques to improve robustness and cross-lingual transfer, thereby enhancing model
performance in truly low-resource settings.

Our contribution is a systematic empirical study built on a newly created bilingual
dataset. The novelty of this work lies in (i) the introduction of a dataset that contrasts
human- and Al-generated image descriptions in both English and Romanian and (ii) the
comparative analysis of semantic alignment and detectability across languages and text
sources. By relying on standard yet effective methods, we emphasize reproducibility while
placing the focus on the dataset itself and the insights it enables.

This work contributes to the broader field of Al-generated content detection and
has implications for natural language processing (NLP), multimodal analysis, and the
responsible deployment of generative models.

The remainder of this paper is structured as follows. Section 2 reviews related works.
Section 3 details the materials and methods used in our study, including dataset construc-
tion, model selection, and evaluation protocols. Section 4 presents the experimental results,
highlighting performance metrics across different languages and classifiers. Furthermore,
in Section 4, we discuss the implications of our findings, analyze model behaviors, and ad-
dress potential limitations. Finally, Section 5 concludes the paper by summarizing the key
contributions and outlining possible directions for future research.

2. Related Work

The ability to detect Al-generated text has become an increasingly important task
as generative language and vision-language models evolve. This section reviews prior
work across three relevant directions: (1) Al-generated text detection, (2) multimodal cap-
tioning models, and (3) classification approaches for authorship attribution and synthetic
content detection.

2.1. Detection of AI-Generated Text

Previous research on Al-generated text detection has focused primarily on English,
benchmarking detectors on outputs from GPT-2 [5], GPT-3 [6], and ChatGPT [7]. Although
these studies advance detection strategies, they rarely evaluate whether such approaches
generalize across languages. Recent work has shown that detectors trained on English often
lose accuracy when applied to morphologically richer or lower-resource languages [8-10].
This gap is particularly relevant for our study, which explicitly contrasts English (a high-
resource language) with Romanian (a low-resource language).

Early approaches relied on surface-level features such as word length, punctuation,
or lexical richness [11]. While effective against older generators, such shallow cues fail
on recent LLMs that mimic human writing more closely. Fine-tuned transformers such
as BERT [12] and RoBERTa [13] significantly improved robustness [14], but still struggle
with adversarial paraphrasing and domain transfer [15]. Thus, a key open challenge is
building detectors that are both language-agnostic and resilient to evolving generation
strategies. Our work contributes by extending the evaluation of detection into a bilingual,
cross-lingual setting.
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2.2. Multimodal Captioning and Semantic Alignment

Advances in vision-language models have led to highly fluent image captions. Sys-
tems such as OSCAR [16], VinVL [17], and BLIP-2 [1] generate descriptions that are often
indistinguishable from human text. However, evaluations often stop at surface fluency,
without examining whether such captions align semantically across languages. CLIP [4]
provides a way to measure this alignment via joint text-image embeddings, but studies
typically evaluate only English captions. By applying CLIP to bilingual captions, we criti-
cally test whether translation or linguistic structure affects alignment quality, which has
implications for low-resource languages.

2.3. Classification and Authorship Attribution

Distinguishing human from Al-generated content overlaps with authorship attribu-
tion. Classical models such as SVMs and Random Forests offer interpretability but limited
contextual capacity. Modern approaches—especially fine-tuned transformers—achieve
higher accuracy across tasks, including multilingual detection [9]. However, robustness re-
mains an open problem: detectors often degrade under paraphrasing or across domains [10].
Hybrid methods combining CLIP-based semantic alignment with supervised classifica-
tion [18,19] are promising, but empirical evaluation across languages remains limited. Our
contribution bridges these gaps by systematically analyzing both semantic alignment and
classification-based detection in a bilingual setting (English vs. Romanian), offering one of
the first controlled cross-lingual evaluations of human vs. Al-generated captions.

3. Materials and Methods
3.1. Dataset Construction

We constructed a bilingual dataset consisting of 1313 images and image descriptions,
both human-written and Al-generated, in English and Romanian. The images were selected
from the T4SA corpus [3]. Four image descriptions were associated with each image, two
in English and two in Romanian.

The image descriptions were obtained as follows:

1.  Human-generated English descriptions were collected from Twitter posts and came with
the original data presented in T4SAcorpus [3] (more details in Section 3.1.1 below).

2. Al-generated English descriptions were obtained by us by applying BLIP-2 (more
details in Section 3.1.2 below).

3. Human-generated Romanian descriptions were collected by us by setting up a dataset
website and involving students from the University of Alba Iulia (more details in
Section 3.1.3 below).

4.  Al-generated Romanian descriptions were obtained by translating the Al-generated
English descriptions from point 2 above using MarianMT (more details in Section 3.1.4
below).

In summary, we constructed a bilingual dataset, English and Romanian, containing
1313 images and 4 x 1313 text descriptions. Half of these descriptions were human-written
and half Al-generated, half in English and half in Romanian. Figure 1 shows an image and
the associated text descriptions that were used in the experimental evaluation.

To support transparency and reproducibility, the dataset described above has been
released and is publicly accessible on GitHub (https://github.com/Dani25/Human-vs-Al
(accessed on 1 September 2025). The dataset is constructed using images from T4SA; how-
ever, due to copyright restrictions, we do not redistribute the images themselves. Instead,
our released version includes only the image identifiers along with the corresponding
textual annotations.
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Human English (TS4A dataset): RT @GirlsWant:
When you thought coffee would help but you're still|
annoyed by everyone https:/t.co/RoehbWtTWQ

Human Romanian: caine la cafea

AT English: a dog wearing a striped shirt sitting on
a table with a cup of coffee

Al Romanian: un caine care poarta o camasacu
dungi stand pe o masa cu o ceasca de cafea

Figure 1. Sample image along with associated captions. The image is accompanied by four types of
textual annotations: (1) a subjective English description from Twitter, (2) a description in Romanian
written by students, (3) an English description generated by an Al model, and (4) a machine translation
into Romanian of the Al-generated text.

3.1.1. Human-Generated English Descriptions

The data were collected from Twitter over a period of 6 months and, using an LSTM-
SVM architecture, the tweets were divided into three sentiment categories: positive, neutral,
and negative. In our experimental evaluation, we selected 1313 images and the correspond-
ing 1313 tweets from each of the three sentiment categories.

3.1.2. Al-Generated English Descriptions

The Al-generated image descriptions in our dataset were produced using BLIP-2
(Bootstrapped Language-Image Pretraining v2) [1], a state-of-the-art vision-language model
designed for image-to-text generation. BLIP-2 follows a modular two-stage architecture that
bridges a vision encoder and a large language model through an intermediate transformer
module. The intermediate transformer is a lightweight transformer with learnable query
tokens that interact with the visual features through cross-attention, aligning them with
language representations.

In our experiments, we used the HuggingFace implementation of BLIP-2 to generate
image captions in English. Romanian captions were obtained by translating these outputs
using a MarianMT translation model.

3.1.3. Human-Generated Romanian Descriptions

To collect human-generated image descriptions, we created a web application (see
Figure 2). We invited students from the Faculty of Informatics and Engineering at the
University of Alba Iulia to select as many images as they wished and leave a comment
describing their impression of each image. Logging in was not required for submitting
comments, as anonymous access was deemed sufficient. Furthermore, users were clearly
informed about the purpose and implications of the website, including data collection,
ensuring that no personal information was recorded.
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Ajuti-ne si colectim un set de date. Sek oil ine px a ne spune ce iti transmite.

Afl3 aici detalii despre acest site si scopul colectirii datelor

(a) Displayed images.
«->c img. e % O g»0®
- 1. Vizualizeazi imaginea
2. Scrie un comentariu (in limba romana) despre impresia pe care ti-a facut-o (minim &
3. Sek i pe care ti-l i i (pozitiv/n iv/n )

(b) A description may be added once an image is selected.

Figure 2. (a) When a user accesses the web page, the web application displays 60 random images from
the set of images. Each image has only one description associated with it; thus, once a description
is added to an image, that image will not appear for the other users. (b) The sequence of steps
undertaken by a user to submit an image description in Romanian.

To ensure consistency and avoid excessively short or overly long texts, we imposed a
constraint on the length of user-submitted descriptions, limiting them to between 4 and
500 characters. This lower bound filters out empty or trivial inputs (e.g., “ok”, “nice”,
or emojis), while the upper bound ensures that the content remains concise and comparable
across users.

3.1.4. Al-Generated Romanian Descriptions

To generate Romanian equivalents of English image descriptions produced by the
BLIP-2 captioning model, we employed theMarianMT neural machine translation system
developed by the Helsinki-NLP group. Specifically, we used the pretrained model Helsinki-
NLP/opus-mt-en-ro, which is based on a sequence-to-sequence Transformer architecture
optimized for multilingual translation tasks. For implementation, we used the publicly
available MarianMT model via the HuggingFace Transformers library [20].
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3.2. Dataset Bias and Limitations

While we aimed to construct a balanced bilingual dataset, it is important to acknowl-
edge several potential biases and limitations.

*  Source Bias: Human-generated English captions come from Twitter posts in the T4ASA
corpus [3], which may reflect the demographics, topics, and language style of Twitter
users rather than the general population. Similarly, Romanian human captions were
produced by students, which may introduce age, educational, or cultural bias.

* Al Generation Bias: Al-generated English captions were produced using BLIP-2,
and Romanian Al captions were obtained via machine translation. Both processes may
introduce systematic artifacts, such as repetitive phrasing, translation errors, or style
patterns characteristic of the model.

¢ Language Resource Limitations: Romanian is a low-resource language in NLP, lim-
iting the diversity of available models and evaluation benchmarks. This may affect
model generalization and the representativeness of our dataset for broader Roma-
nian text.

*  Domain Coverage: All images originate from T4SA, which focuses on Twitter-related
topics. This constrains the diversity of visual content and may limit applicability to
other domains or social media platforms.

*  Size Constraints: With 1313 images and 5252 captions, the dataset is relatively small,
which may affect statistical power and limit the training of large models.

These limitations suggest that models trained or evaluated on this dataset may not
fully generalize to other languages, platforms, or cultural contexts. Future work could
address these biases by collecting data from more diverse sources, using multiple annotator
demographics, and leveraging multilingual or cross-domain augmentation techniques.

3.3. Semantic Alignment Analysis
3.3.1. CLIP Similarity Scores

We conducted a semantic alignment study using CLIP (Contrastive Language-Image
Pretraining) [4]. For each image-description pair, we computed a CLIP similarity score.
The CLIP similarity score is computed as the cosine similarity between the normalized
embeddings of an image and a text. It measures the semantic alignment between visual

and textual inputs.
A-B

_ 1
BRE @

similarity (Image, Text) =

where

e A€ RYis the image embedding vector (the image is passed through a visual encoder
based on the Vision Transformer architecture (ViT-B/32) [21], which produces a fixed-
length embedding vector A),

e B & RYis the text embedding vector (the textual description is processed by a text
encoder, which tokenizes and embeds the input text into the same vector space,
resulting in vector B),

. - denotes the dot product between vectors,

e |||l is the Euclidean (L2) norm.

Both image and text are projected into the same multimodal embedding space of
dimension d, allowing for a direct semantic comparison. During pretraining, the CLIP
model is optimized using a contrastive loss that encourages aligned image—text pairs to
have high similarity scores, while pushing apart non-matching pairs. As a result, the cosine
similarity score from Equation (1) reflects how well the semantic content of the image aligns
with that of the accompanying text. This formulation enables us to quantitatively evaluate
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and compare the relevance of human-written versus Al-generated descriptions. The CLIP
scores range from —1 to 1, where higher values indicate a greater similarity between the
image and the text.

In our experiments, CLIP similarity is especially helpful since it offers a numerical
indicator of the semantic alignment between images and their associated captions in a
shared multimodal embedding space. In contrast to metrics that only depend on text, CLIP
assesses whether the visual content and the textual description truly match. This enables
us to evaluate how accurately human- and artificial intelligence-generated captions convey
an image’s intended meaning, going beyond superficial linguistic features. Comparing
similarity distributions between languages and sources (human vs. Al) allows us to spot
systematic alignment or misalignment patterns, providing an alternative viewpoint to
classification models and purely linguistic analyses.

3.3.2. Additional Linguistic Analysis
Additional linguistic features were extracted, such as

e Text length expressed in characters and words
* Lexical diversity

- Type-Token Ratio (TTR) [22]—the proportion of unique words (types) to total
words (tokens).

—  Guiraud’s Index [23]—a normalized measure of lexical diversity, more robust to
text length.

- Lexical Richness—the proportion of content words (excluding stopwords) to
total tokens.

*  Sentence complexity indicators: for example, average sentence length, number of
words per sentence, or syntactic depth. These provide insight into how elaborate or
simplified the text structure is.

3.4. Classification Models
3.4.1. Problem Formulation

We define the task of distinguishing between human- and Al-generated description
as a binary classification problem. Given an input text x, the goal is to predict a label
7 €{0,1}, where

¢  (lass 0 (Human-written): Descriptions were written by real users on Twitter (English)
or by Romanian-speaking students (Romanian). These texts tend to be subjective,
often conveying emotional or personal interpretations of the image.

¢ (lass 1 (Al-generated): Descriptions were generated using the BLIP-2 image caption-
ing model. These descriptions are generally objective and factual. For the Romanian
dataset, we translated the English Al-generated texts using the MarianMT machine
translation model.

For solving this classification task, we trained and compared the following classifiers:
Logistic Regression, Naive Bayes, Linear SVM, XGBoost (eXtreme Gradient Boosting), and
BERT (fine-tuned on our dataset).

3.4.2. Preprocessing
For the traditional models (i.e., Logistic Regression, Naive Bayes, Linear SVM, and
XGBoost) we applied the following preprocessing steps:
¢ Lowercasing
¢  Removal of URLs, mentions, and special characters
e  Tokenization



Mathematics 2025, 13, 3228

90f19

*  Vectorization using Term Frequency-Inverse Document Frequency (TF-IDF)

For transformer-based models, such as BERT, we directly fed the raw text into a
pretrained tokenizer without additional preprocessing.

3.4.3. Experimental Setup and Evaluation Metrics
We used 5-fold stratified cross-validation the following evaluation metrics:

e  Accuracy
e Flscore
¢ ROC AUC (Area under Receiver Operating Characteristic curve)

3.4.4. Implementation Details

All models were implemented using Python 3.10.16 with libraries such as scikit-learn,
xgboost, transformers, and matplotlib/seaborn.

The experiments were carried out on a workstation equipped with a NVIDIA RTX
A1000 6 GB (NVIDIA, Santa Clara, CA, USA), Intel i7 GPU (Intel, Santa Clara, CA, USA),
and 64 GB RAM (manufacturer unknown), running Python 3.10, scikit-learn 1.3, and Hug-
gingFace Transformers 4.33. The models were evaluated using 5-fold stratified cross-
validation to ensure robust performance estimates. We employed the following settings for
the hyperparameters:

¢  For BERT fine-tuning, we used the HuggingFace implementation of bert-base-uncased
with the following hyperparameters: maximum sequence length of 128 tokens, batch
size of 16, learning rate of 2 x 1075, AdamW optimizer, three training epochs, and a
linear learning rate scheduler with warm-up.

¢  For the SVM classifier, we employed a linear kernel with regularization parameter
C=10.

e For XGBoost, we set the number of estimators to 200, maximum tree depth to 6,
learning rate to 0.1, and eval_metric=logloss.

4. Results and Discussions

4.1. Semantic Similarity Analysis
4.1.1. CLIP Similarity Scores

We report findings from our semantic alignment analysis using CLIP similar-
ity scores, which measure how closely an image and its paired description align in
a shared multimodal embedding space. For each image-text pair, we employed the
CLIPModel.from_pretrained(“openai/ clip-vit-base-patch32”) implementation from Hug-
ging Face to compute raw similarity values via the logits_per_image output—representing
unnormalized cosine similarities between encoded image and text embeddings. To ensure
interpretability and comparability across samples, the raw scores were normalized using
min-max scaling.

Figure 3 presents the normalized CLIP score distributions for image descriptions
produced by humans and Al systems in both English and Romanian. The Kernel Density
Estimation (KDE) curves reveal a notable performance disparity between languages and
sources. Al-generated English descriptions achieve the highest average CLIP scores (mean
score: 0.626), with a distribution sharply centered around higher values, outperforming
human-written English descriptions (mean score: 0.513). Conversely, in Romanian, Al-
generated descriptions (mean: 0.457) slightly outperform human-authored ones (mean:
0.441); the human curve peaks higher and is skewed. In summary, the interpretation from
the KDE plots is as follows:

1. Al English (orange) vs. Human English (blue)
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¢ The Al English curve is clearly shifted to the right, peaking around 0.65-0.7, indi-
cating higher CLIP scores. This suggests that Al-generated English descriptions
outperform human-generated ones in terms of visual-text alignment, as mea-
sured by CLIP.

2. Human Romanian (green) vs. AI Romanian (red)

*  The human Romanian curve peaks around 0.55-0.6, while the AI Romanian curve
peaks lower, around 0.45. This implies that human-generated Romanian descrip-
tions are more accurate or relevant than Al-generated Romanian descriptions.

3. Cross-Language and Cross-Source Comparison

* Al performs best in English, but struggles in Romanian.
*  Humans outperform Al in Romanian, but not in English.

Overall, these results suggest that both the origin (human vs. Al) and the language
(English vs. Romanian) influence the semantic alignment with images. The gap between
Al and humans is language-dependent, with English favoring Al and Romanian favoring
humans. Interestingly, translation may not fully preserve the alignment properties of
Al-generated content, despite retaining the core meaning.

CLIP Score Distribution { lized)
4.0 4 B Human English
i Al English
/-\ [ Human Romanian
354 / \ [ Al Romanian
3.0 4 \

154

104

059

0.0-
0.0 3 0.4 06 X 1.0

Normalized CLIP Score

Figure 3. Kernel Density Estimation (KDE) plot illustrating the distribution of normalized CLIP simi-
larity scores for the four categories of image descriptions. Al-generated English descriptions achieve
the highest average CLIP score, outperforming human-authored English descriptions. Romanian
Al-generated descriptions slightly outperform human-authored ones.

4.1.2. Linguistic Features and Length Distribution

We computed descriptive statistics for description lengths (words and characters)
across four text sources. Table 1 presents the summary statistics in both word and character
units. The statistics reveal several interesting patterns:

1.  Human-written English descriptions are significantly longer than their Romanian
counterparts (15.23 vs. 4.31 words on average), a difference likely influenced by
the source platforms. While English texts were primarily collected from Twitter,
where the character limit is 280, Romanian descriptions were written by students
in an academic context with a more generous limit of 500 characters. Interestingly,
despite having more space available, Romanian contributors tended to write much
shorter and more concise texts. This may reflect differences in task framing, language
economy, or writing style expectations in academic settings.
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2. Al-generated texts in Romanian and English are comparable in average length (approx.
9.8-9.9 words), which reflects the consistent output structure of the BLIP-2 captioning
model and the automatic translation process.

3. Romanian Al texts show the largest variance and maximum length (up to 147 words
and 880 characters), possibly due to artifacts from neural machine translation.

Table 1. Descriptive statistics (mean, standard deviation, minimum, maximum) for description
lengths (words and characters) for human- and Al-generated texts in Romanian and English. English
descriptions are on average longer, particularly for human-authored texts.

Metric Human EN AI AN Human RO AIRO
Word Mean 15.23 9.92 4.31 9.80
Word Std 5.29 6.35 4.90 7.15
Word Min 3 2 1 1
Word Max 30 100 43 147
Char Mean 115.26 49.01 26.24 52.36
Char Std 28.08 35.25 28.80 48.94
Char Min 35 12 4 11
Char Max 160 545 248 880

Figures 4 and 5 provide complementary views of the word length distributions across
the four types of image descriptions (human-written and Al-generated, in both Romanian
and English). Figure 4 shows the KDE curves of word counts. These curves highlight the rel-
atively narrow and consistent range of Al-generated texts, suggesting a stylistic uniformity
imposed by the captioning model. In contrast, human-written descriptions—especially
those in English—exhibit a wider distribution, reflecting greater variability in style and
structure. Figure 5 presents a boxplot comparison of word lengths across the same four cat-
egories. The plot clearly distinguishes between human- and Al-generated content: human-
authored English descriptions are significantly longer and more variable, while both Al-
generated categories are more concise and less dispersed. Romanian human-written texts
are the shortest on average, despite the input interface allowing up to 500 characters—more
than Twitter’s 280-character limit, which typically constrains the English human data. This
suggests that students voluntarily produced shorter texts, likely influenced by the academic
framing of the task.

Word Count Distribution

Description Type
=1 Human English
1 Al English
=1 Human Remanian
[ Al Romanian

20 2‘5 3"3 3’5 40
Number of Words
Figure 4. KDE distribution of word counts in Romanian and English texts (human vs. Al-generated).
Human-written English texts are significantly longer than Romanian counterparts, while Al-generated
captions show more consistency.
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Boxplot: Word Count by Description Type
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Figure 5. Boxplot comparison of word lengths across Romanian and English descriptions (human- vs.
Al-generated). The boxplot clearly separates human vs. Al texts, with humans showing wider variance.

4.1.3. Lexical Diversity Analysis
We further analyzed vocabulary diversity using the following metrics:

e Type-Token Ratio (TTR) [22]—the proportion of unique words (types) to total
words (tokens),

*  Guiraud’s Index [23]—a normalized measure of lexical diversity, more robust to
text length,

¢  Lexical Richness—the proportion of content words (excluding stopwords) to to-
tal tokens.

Table 2 summarizes these metrics for all four categories of image descriptions: human-
and Al-generated descriptions in both Romanian and English. Human-written Romanian
texts exhibit the highest TTR and lexical richness, indicating greater uniqueness and
expressiveness, despite being shorter than English ones. English human descriptions
score highest on Guiraud’s Index, due to longer and denser vocabulary. On the other hand,
Al-generated descriptions (especially in English) tend to be more repetitive and structurally
constrained, reflected in lower diversity across all metrics.

Table 2. Vocabulary diversity metrics for human- and Al-generated texts in Romanian and English.
Human-generated texts show higher lexical diversity; Al-generated descriptions tend to be more
repetitive and structurally constrained.

Metric Human EN Al EN Human RO AI RO
TTR (mean) 0.9784 0.9022 0.9912 0.9464
Guiraud Index (mean) 3.7442 2.7127 1.8275 2.8237
Lexical Richness 0.7875 0.5620 0.8447 0.5938

These results indicate that while human-authored descriptions are more lexically rich
and diverse—particularly in Romanian—the Al-generated texts are more uniform and
concise, potentially due to model bias toward shorter and more templated outputs. This
contrast also highlights the expressive variance between natural human language and algo-
rithmically generated captions, especially when comparing cross-lingual representations.
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4.2. Classification Performance

We tested multiple classifiers on the binary classification task (human-generated vs.
Al-generated) for both English and Romanian datasets. All models were evaluated using
5-fold stratified cross-validation. The evaluation metrics used were accuracy, F1 score,
and ROC AUC (Area under Receiver Operating Characteristic curve). The results of the
English dataset are summarized in Tables 3 and 4. Table 3 reports the performance met-
rics (accuracy, F1 score, and ROC AUC) evaluated on the training set, while Table 4
presents the corresponding metrics obtained by cross-validation, reflecting the generaliza-
tion performance of the models. For the Romanian dataset, the results are presented in
Tables 5 and 6, which separately show the model performances on the training data and on
cross-validation, respectively.

Table 3. Classification performance on English dataset—Train scores (mean across folds).

Model Train Accuracy Train F1 Train ROC AUC
Logistic Regression 0.9383 0.9354 0.9846
Naive Bayes 0.9539 0.9538 0.9863
Linear SVM 0.9970 0.9969 0.9999
XGBoost 0.9295 0.9274 0.9872
BERT 0.9978 0.9978 0.9999

Table 4. Classification performance on English dataset—Cross-Validation scores (mean + standard
deviations across folds).

Model CV Accuracy CVF1 CVROC AUC
Logistic Regression 0.883 + 0.009 0.875 +0.011 0.944 + 0.007
Naive Bayes 0.874 + 0.011 0.877 + 0.009 0.949 + 0.008
Linear SVM 0.889 + 0.008 0.885 + 0.009 0.946 + 0.005
XGBoost 0.865 = 0.012 0.860 + 0.014 0.940 + 0.012
BERT 0.953 + 0.010 0.953 + 0.010 0.994 + 0.003

Table 5. Classification performance on Romanian dataset—Train scores (mean across folds).

Model Train Accuracy Train F1 Train ROC AUC
Logistic Regression 0.927 0.924 0.988
Naive Bayes 0.963 0.964 0.992
Linear SVM 0.998 0.998 1.000
XGBoost 0.944 0.942 0.975
BERT 0.984 0.984 0.999

Table 6. Classification performance on Romanian dataset—Cross-Validation scores (mean + standard
deviations across folds).

Model

CV Accuracy

CVF1

CV ROC AUC

Logistic Regression

Naive Bayes
Linear SVM
XGBoost
BERT

0.8762 £ 0.0129
0.8663 £ 0.0151
0.8926 + 0.0062
0.8785 £ 0.0142
0.9105 £ 0.0110

0.8681 + 0.0149
0.8726 £ 0.0120
0.8876 £ 0.0070
0.8757 £ 0.0132
0.9133 + 0.0099

0.9495 + 0.0055
0.9452 + 0.0055
0.9571 £+ 0.0037
0.9375 + 0.0071
0.9740 +£ 0.0037

The classification results demonstrate that it is possible to distinguish between human-
and Al-generated descriptions with high accuracy. On the English dataset, BERT achieved
a cross-validation accuracy of over 95%, with strong F1 and ROC AUC scores, indicating
both robustness and generalization. Traditional models such as Logistic Regression and



Mathematics 2025, 13, 3228

14 of 19

SVM also performed competitively, confirming the presence of detectable patterns even in
shallow representations. In contrast, XGBoost, while still effective, showed greater variance
across folds and lower validation performance, suggesting sensitivity to specific feature
distributions and potential overfitting.

When comparing English and Romanian results, we observed similar trends,
with BERT maintaining its lead. However, the absolute performance was slightly lower in
Romanian, which may be attributed to translation artifacts introduced by MarianMT or to
more variation in the student-generated texts.

4.3. Limitations and Error Analysis

Our experiments reveal a clear language-dependent pattern in semantic alignment
and classification performance. Al-generated captions outperform human descriptions in
English (mean CLIP score: 0.626 vs. 0.513), while in Romanian, humans achieve higher
alignment (mean CLIP score: 0.441 vs. 0.457). This discrepancy can be attributed to two main
factors: (i) Al English captions are generated directly by BLIP-2, benefiting from model
training in English and high-quality English multimodal embeddings; (ii) Romanian Al
captions are produced via machine translation using MarianMT, which may introduce
artifacts and fail to fully preserve semantic nuances, compounded by Romanian being a
low-resource language in NLP. Human authors, conversely, produce contextually richer and
more expressive Romanian descriptions. Regarding classification performance, training
accuracies for SVM and BERT approach 99%, suggesting a potential for overfitting on the
relatively small dataset. However, cross-validation results (e.g., 95% accuracy for English
BERT) demonstrate robust generalization. These observations highlight the challenge of
multilingual Al-generated text detection: models trained predominantly in English may
not transfer seamlessly to low-resource languages, and translation introduces additional
complexity that can affect semantic alignment and classifier performance. Overall, these
findings underline the importance of (i) carefully considering language and dataset origin
in Al detection tasks, (ii) combining semantic similarity metrics (e.g., CLIP) with textual
features, and (iii) developing multilingual and multimodal detection approaches that can
handle the varying quality and style of Al-generated content across languages.

We performed a qualitative error analysis by reviewing misclassified examples and
analyzing patterns. Despite high performance, some misclassifications occurred, especially
for texts that were either very short or overly factual. In many cases, human descriptions
that lacked emotional language or used generic vocabulary were incorrectly classified as
Al-generated. Conversely, BLIP-2 occasionally produced captions with surprising fluency
or subjectivity, blurring the line between the two classes. These cases highlight the evolving
challenge of Al text detection, especially as generative models continue to improve in
fluency and creativity.

Figure 6 is an example which demonstrates how the length and richness of a human-
written English description can significantly influence classification outcomes. When the de-
scription is detailed and includes descriptive elements (“I can see a beautiful flower. .. pink-
purple petals”), most models correctly identify it as human-generated, with only Naive
Bayes misclassifying it. However, when the same visual content is reduced to a short,
minimalistic phrase (“A purple flower”), the classification accuracy drops sharply: Logistic
Regression, Naive Bayes, Linear SVM, and even BERT label it as Al-generated, leaving
only XGBoost with the correct classification. This pattern suggests that several models
rely heavily on lexical diversity, complexity, or the presence of stylistic cues—features
that are largely absent in very short, factual statements. Interestingly, most models, except
XGBoost, still correctly identify the Al-generated description, which is more elaborate and
contains nuanced visual details. This indicates that while high fluency in Al-generated text
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can mimic human style, subtle statistical and structural cues remain detectable for most
classifiers. Overall, the example highlights a vulnerability of current detection systems:
short, content-sparse human-written descriptions are particularly prone to misclassification,
especially by models sensitive to surface-level linguistic features.

Human Description (detailed)
“I can see a beautiful flower. Some leaves of a plant can be seen,
but the focus is on a flower with pink-purple petals.”

Predictions:
Logistic Regression: Human
Naive Bayes: Al
Linear SVM: Human
XGBoost: Human
BERT: Human

Human Description (short)
“A purple flower”

Predictions:
Logistic Regression: Al
Naive Bayes: Al
Linear SVM: Al
XGBoost: Human
BERT: Al

AI Description

“The image shows a delicate, pale purple flower with a white
center and prominent yellow stamens. It is held aloft by a thin,
gracefully curved stem, rising above a large, glossy green leaf
that occupies the lower portion of the frame.”

Predictions:
Logistic Regression: Al
Naive Bayes: Al
Linear SVM: Al
XGBoost: Human
BERT: AL

Figure 6. Example of model predictions for human- and Al-generated English descriptions. Misclas-
sifications are highlighted in red.

Figure 7 illustrates how model predictions vary depending on the nature and length
of the input descriptions in Romanian. When the human-written description is detailed
and includes expressive or descriptive language, all models correctly identify it as human-
generated. However, when the same content is reduced to a short and factual phrase
(“Floare cu petale mov.” (en. “Flower with purple petals”)), several models—including
Logistic Regression, Naive Bayes, and Linear SVM—misclassify it as Al-generated. This
suggests that such classifiers rely, at least in part, on lexical richness, complexity, or stylistic
cues to distinguish between human- and machine-generated texts. Interestingly, both
XGBoost and BERT correctly label the shorter version, possibly due to their higher capacity
to capture contextual subtleties or structural patterns beyond surface-level features. In con-
trast, the Al-generated description—although more fluent and expressive than expected—is
consistently recognized as Al by all models, indicating that, despite the high quality of
generation, certain detectable patterns still differentiate it from human writing. Overall,
this example highlights a limitation in current classifiers: human-written descriptions that
are brief or neutral in tone may be prone to misclassification, especially by models more
sensitive to surface linguistic cues.
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Human Description (detailed)

“Este o imagine frumoasd si reusitd, in care este pusd in evidentd
o floare. Floarea are petalele roz-mov in exterior, iar in interior
sunt albe, staminele fiind albe.”

Predictions:
Logistic Regression: Human
Naive Bayes: Human
Linear SVM: Human
XGBoost: Human
BERT: Human

Human Description (short)
“Floare cu petale mov.”

Predictions:
Logistic Regression: Al
Naive Bayes: Al
Linear SVM: Al
XGBoost: Human
BERT: Human

AI Description
“O floare mov pal cu stamine galbene se inaltd delicat dea-
supra frunzelor verzi lucioase, evidentiindu-se prin simplitate

<

si elegantd naturald.

Predictions:
Logistic Regression: Al
Naive Bayes: Al
Linear SVM: Al
XGBoost: Al
BERT: AI

Figure 7. Example of model predictions for human- and Al-generated Romanian descriptions.
Misclassifications are highlighted in red. The translation in English of the Romanian descriptions that
appear in the figure is as follows: Human descriptions (detailed) “It is a beautiful and well-crafted image
that highlights a flower. The flower has pink-purple petals on the outside, while the inside is white, with white
stamens.”; Human descriptions (short): “Flower with purple petals”; Al Description: “A pale purple flower
with yellow stamens rises delicately above the glossy green leaves, standing out through its natural simplicity
and elegance.”

4.4. Broader Implications

This work contributes to the growing need for tools that can reliably detect Al-
generated content. Our findings suggest that while transformer-based models offer strong
performance, domain-specific nuances (such as language, dataset source, and caption
intent) must be carefully considered. Additionally, combining semantic similarity tools
(e.g., CLIP) with linguistic features and supervised classifiers may provide robust hybrid
solutions for multimodal content verification.

The results of our experiments highlight clear differences between human-written and
Al-generated image descriptions, both in terms of semantic alignment and linguistic char-
acteristics. Across all experiments, transformer-based models (notably BERT) consistently
outperformed traditional classifiers, suggesting that deeper contextual understanding is
essential for detecting subtle stylistic and structural cues.

5. Conclusions

This research explored the increasingly relevant task of distinguishing between human-
authored and Al-generated image descriptions across two languages: English and Roma-
nian. The study combined semantic similarity analysis through CLIP, traditional linguistic
evaluation, and multiple classification models to comprehensively assess whether and how
such distinctions can be reliably captured by computational methods.

Our results clearly demonstrate that, despite the growing fluency of modern generative
models such as BLIP-2, there remain detectable and learnable patterns that differentiate
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Al-generated text from that produced by humans. These patterns are reflected both in
statistical and lexical measures (e.g., Type-Token Ratio, Guiraud Index, lexical richness)
and in deeper semantic alignment, with CLIP similarity scores showing mean values of
0.626 for Al English captions versus 0.513 for human English captions, and 0.457 for Al
Romanian versus 0.441 for human Romanian captions.

From a classification perspective, the fine-tuned BERT models achieved the highest
performance in both English and Romanian datasets, with cross-validation accuracy of
95.3% for English and 91.1% for Romanian, F1 scores of 0.953 and 0.913, respectively,
and ROC AUC scores of 0.994 and 0.974. Traditional classifiers such as Logistic Regression
and SVM performed well in English (CV accuracy around 88-89%) but slightly lower
in Romanian (CV accuracy 87-89%), while XGBoost showed greater variability between
training and validation scores, hinting at potential overfitting.

One key insight from the Romanian dataset is that human-written descriptions—produced
by students—tend to be shorter on average (4.31 words), yet more expressive and semanti-
cally aligned than Al-generated translations (9.80 words), as reflected by lexical richness
(0.845 vs. 0.594) and vocabulary diversity measures.

Importantly, our analysis also revealed edge cases where the distinction becomes
ambiguous, particularly when human authors adopt a highly factual tone or when Al-
generated text demonstrates increased stylistic fluency. These findings highlight both the
progress of generative models and the limits of current detection techniques.

The novelty of our study lies in the construction of a balanced bilingual dataset and
the empirical evidence it provides. By systematically comparing human- and Al-generated
image descriptions in English and Romanian, we highlight both linguistic differences
and the effectiveness of standard classifiers in detecting machine-generated content. This
contribution supports future work on multilingual Al detection and data-driven analysis.

In conclusion, this work shows that distinguishing between human- and Al-generated
image descriptions is feasible using current machine learning techniques, particularly with
deep contextual models like BERT. At the same time, the subtlety of certain misclassifica-
tions and the growing capability of Al systems point to the critical importance of continuing
research in this domain.

In future work, our aim is to explore several directions. First, we plan to investigate
more adversarial scenarios where Al is fine-tuned to imitate human writing styles. In addi-
tion, we want to address challenges related to low-resource languages and code-switched
contexts. Another focus will be on multimodal learning strategies that incorporate visual
features directly. Finally, we intend to develop hybrid detection approaches that combine
textual classifiers with semantic similarity measures, such as CLIP.

The line of research presented in this paper has broader implications for content
verification, educational integrity, and digital trust in a world where human- and Al-
generated language are becoming increasingly indistinguishable.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial intelligence

LLM  Large language model

NLP  Natural language processing

BERT Bidirectional Encoder Representations from Transformers
BLIP  Bootstrapping Language-Image Pretraining

CLIP  Contrastive Language-Image Pretraining
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