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Abstract

Generative models are simplifying the process of creating
fake reviews. Models such as ChatGPT or DeepSeek can be
used with ease to generate fake reviews with various ratings.
However, these fake reviews can mislead buyers/readers. We
generated a dataset with 78k reviews (building our “main”
dataset) generated by 6 LLMs using three different writing
styles, 117 tones and three ratings (positive, negative, and
neutral). We used 50 prompts, multi-turn prompting and para-
phrasing to generate a diverse range of reviews. Additionally,
we created another, smaller dataset (external), using the same
prompts and tones as before, but using three additional LLMs.
This dataset allows detectors of Al-generated text to be tested
on their ability to detect texts created using similar prompts
but before unseen LLMs. We performed first tests using the
newly generated dataset for Al-generated reviews detection.
We fine-tuned RoBERTa on our dataset and, for testing gener-
alizability, on the benchmark RAID using Reddit posts, news,
and IMDb reviews. On the test splits of seen data, the detec-
tor achieved satisfactory results with an F1-score of 99.98%.
On RAID the performance dropped, showing potential future
research directions.

Introduction

The task of identifying Al-generated reviews involves deter-
mining whether a given review text was originally written
by a human or was generated or faked by an Al model. A
closely related task is the detection of fake reviews. In this
case, real reviews are separated from fake ones which is not
necessarily generated by Al but can also be written by hu-
man (Meng et al. 2025). In Al-generated review detection,
we try to identify artefacts introduced when the text is gener-
ated by a Large Language Model (LLM). In fake review de-
tection, inconsistencies in the reviews’ sentiment, for exam-
ple, are analysed. Both tasks are critical, since reviews influ-
ence human decision-making. Fake product reviews, partic-
ularly on e-commerce platforms, can influence consumers’
decision-making and shopping behaviours (Akesson et al.
2023). User reviews can play a significant role in determin-
ing an organisation’s revenue in e-commerce.

Because of this crucial role of reviews, we generated a
new and large dataset with fake reviews. In artificial intelli-
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gence, a huge problem is the generalizability of trained de-
tectors. Therefore, mostly, detectors perform good on seen
data, hence data of domains they were trained on, but fail in
detecting, new, unseen domains. Therefore, diverse datasets
from different domains are necessary to develop generaliz-
able detectors. But, limited datasets of Al-generated reviews
exist. Therefore, we generated a new dataset of fake reviews
generated by Al The reviews were generated using diverse
LLMs, prompts, tones, and writing styles. Furthermore, the
Al-generated reviews were generated using summaries of
human written Google Maps reviews. Our goal was not to
improve the generation process or to evaluate the genera-
tion quality of LLMs but to enlarge the dataset pool for Al-
generated text datasets of different domain and with differ-
ent methods applied for controlling the generation process,
such as adding human like mistakes.

Our contribution is three-fold. First, we introduce a new
dataset of Al-generated Google reviews generated using a
diverse set of prompts, tones, and LLMs. The dataset is
made publicly available. Secondly, we performed an in-
depth analysis of our dataset using sentence embeddings and
linguistic features. Lastly, we performed first experiments
using our dataset for Al-generated reviews detection. Addi-
tionally, for testing the detectors’ generalizability, we used
the benchmark dataset RAID (Dugan et al. 2024) containing
Al-generated texts of different domains (e.g. Reddit, news
texts, IMDDb reviews).

Related Work

Earlier work (Abri et al. 2020) illustrated how to use Natural
Language Processing (NLP) to detect faked product reviews
by only analysing linguistic features such as sentence length,
redundancy, or stylistic markers. In this study, 25 real Ama-
zon product reviews were gathered, and 25 Al-generated re-
views were generated using LLMs with prompts mimick-
ing human writing style. 288 human participants read all
50 reviews at random and decided whether each one was
real or fake. The participants correctly classified 50.82%
of the reviews. An interesting finding was the high level
of confidentiality among the participants when classifying
the reviews. Additionally, the researchers tested the LLMs’
ability to identify real versus fake reviews. Seven types
of LLMs were tested: ChatGPT-o1, DeepSeek-R1, Grok-3,
Gemini-2.0-Flash-Thinking, ChatGPT-40, Gemma-3-27B-it



and Qwen2.5-Max. Each LLM received the same 50 reviews
and was asked to classify them as real or fake with confi-
dence. Once again, the results were close to random guess-
ing, with most of the reviews being classified as real.

Yang (2025) highlighted the growing problem of Al-
generated product reviews on platforms like Amazon, where
customer reviews play a crucial role in shaping consumers’
purchasing decisions. The study analysed over 6000 reviews
of Al-generated and real product reviews. Machine learning
techniques, like support vector classifiers were used for de-
tection. The results indicate that fake reviews could be effec-
tively distinguished from real human reviews. Moreover, his
findings emphasize that fake Al-generated reviews usually
mimic product description rather than providing authentic
user experiences. Developing reliable detection systems is
essential not only for maintaining the credibility of online e-
commerce platforms but also for protecting customers from
being misled by Al-generated faked product reviews.

Mitrovi¢, Andreoletti, and Ayoub (2023) studied the de-
tection of human written and seemingly human (ChatGPT-
generated) text, focussing on especially short restaurant re-
views. They found that texts generated with ChatGPT could
be characterized as very formal, politic, and impersonal con-
tent. Similar to Yang (2025), they found that the generated
texts convey experiences instead of feelings while focusing
on general concepts without details. ChatGPT does not use
personal pronouns, and no expressions of feelings, instead it
uses pronouns of third tense and passive speech, unless it has
been asked to. They noticed that the perplexity of human-
generated text is higher than the one generated by Al. Ad-
ditionally, ChatGPT uses more uncommon words, and it be-
haves less aggressively or less negatively. Hadi et al. (2025)
worked on fake review detection using ROBERTa. The study
addressed the challenges of misinformation in online mar-
ketplaces. Benefiting from RoBERTa’s contextual embed-
dings for feature extraction they achieved high accuracies
up to 97%.

Novelty of Our Dataset

The detection of fake reviews is a broad area of research.
However, the majority of research focuses on reviews faked
by humans. For example, Patil and Raje (2021) investigated
fake Yelp reviews. Importantly, it was not Al-generated re-
views that were investigated, but rather reviews created by
humans with the intention of deceiving readers. Another ex-
ample is the work of Yu et al. (2022), focusing on graph-
based fake review detection. Bansode and Birajdar (2021)
analysed fake hotel reviews. Hereby, they classified users’
reviews into suspicious, fake, positive, and negative cate-
gories. Again, not a specific investigation of Al-generated
reviews was carried out. Further studies by Mohawesh et al.
(2021) and Abdulgader, Namoun, and Alsaawy (2022) are
focussing, again, on fake review detection.

Based on the work of fake review detection, Salminen
et al. (2022) generated the Fake Review Dataset. With the
aim to generate reviews which are definitely fake, they used
Al to create fake text. The goal was therefore not to gener-
ate a dataset of Al-generated product reviews, but rather to
generate a dataset of fake reviews. Nevertheless, a dataset
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Paper Basis Modells used #Al

Salminen et al. | Amazon Review Data | GPT-2 20,000

(2022) (2018)

Kowalczyk et al. | Walmart Product GPT-2

(2022) Reviews Dataset (2020)

Knoedler et al. | Plastic surgery reviews | ChatGPT 150

(2024) from RealSelf

Xylogiannopoulos | Hotel reviews ChatGPT4.0 6,000

et al. (2024) (2002-2008) (paraphrased)

Yang (2025) Amazon reviews in-the-wild; 1,116
labeled manually

Ours Google reviews (<2018) | GPT 4.1, Gemini, | 78,724
Claude, Mistral,
LLaMA, DeepSeek

Ours (External) | Google reviews and | Phi4, Grok4, Qwen3 | 20,412

HARPT

Table 1: Related Datasets: Al-generated (Product) Reviews.

of Al-generated texts was created. For the creation they
used GPT-2, using the Amazon Review dataset (Ni, Li, and
McAuley 2019) from 2018 as basis (human counterpart).
Venugopala et al. (2024) used the Fake Review Dataset
for evaluating detectors in predicting if a review is real
or fake. Again, the goal of this work was not to identify
Al-generated texts, but fake reviews. A dataset especially
created for Al-generated review detection was created by
Kowalczyk et al. (2022) using Walmart Product Reviews'.
The researchers utilised Walmart reviews from 2020 in their
analysis. Another dataset was generated by Knoedler et al.
(2024) containing plastic surgery reviews. Xylogiannopou-
los et al. (2024) analysed reviews of 20 hotels, focussing
on Al-paraphrased reviews, using ChatGPT 4.0 for genera-
tion. Yang (2025) analysed Amazon reviews, building a new
dataset based on Amazon review data. For this, they scraped
reviews of Amazon and labelled them by themselves as Al-
generated or human written.

Our dataset is the first using reviews from Google Maps.
We based our reviews on the work of the researchers at
the University of California, San Diego (Li, Shang, and
McAuley 2022; Yan et al. 2022; Pasricha and McAuley
2018; He, Kang, and McAuley 2017), publishing the Google
Local Review dataset’. We extracted reviews from the
Google Local Review dataset, generated summaries and
used them as basis for generating the Al-generated reviews.
We generated Al reviews using nine LLMs, 50 prompts, and
117 tones. We provide IDs to the original reviews in Google
Local Review, all being published before 2018, therefore,
before generation methods were broadly used (Liang et al.
2024). This way we can be sure that all human written re-
views were actually written by humans. Table 1 provides an
overview of the related datasets.

"https://www.kaggle.com/datasets/promptcloud/walmart-
product-reviews-dataset

Zhttps://cseweb.ucsd.edu/~jmcauley/datasets. html#
google_local



Dataset Creation

The Google Local Review dataset contains mostly reviews
of services and businesses of users from different cultures
with different writing styles, leading to a wide variety of
data. Since collecting data manually is paired with ethical
reasons, we used the dataset published by researchers from
the University of California (Li, Shang, and McAuley 2022).
Our research is based only on English product reviews. We
used the review texts of Google Local Review to generate
summaries. These summaries were given to various LLMs
for review generation. User information was not used in any
way in this work.

Human-written Two periods of times were provided in
Google Local Review, before 2018 with nearly 11 million
or before 2021 with nearly 666 million product reviews. We
downloaded both and filtered only items between 100 and
300 words. Moreover, we filtered the date to be only before
2018, resulting in 837,210 reviews. We only used data with
a k-core of 10, meaning that only the reviewers who have
10 or more reviews in the platform were selected. This step
was performed to increase trustworthiness and quality of the
reviews as well as to reduce the number of items. Next, we
extracted from each file three rates: 5 or 4 stars for positive,
3 stars for neutral, and 1 or 2 stars for negative rate. This se-
lection strategies resulted in 90,000 human written product
reviews.

Al-generated A group of researchers from Stanford Uni-
versity and Amazon Al have concluded that chain-of-
thought prompting is one of the most effective prompt types
(Sahoo et al. 2024). Therefore, we decided to create a con-
text from our collected human dataset by generating a sum-
mary of each human review. We summarized each human
written review into one or two sentences using GPT-4.1
and LLaMA-3.2-3b-instruct. Furthermore, we gathered 117
tones, such as emotionally, formal, and simple grammar
and generated 50 distinct prompts. We added the tone and
prompted the LLLM to add emotional language because Yang
(2025) found that ChatGPT does not use expressions of feel-
ings unless it has been asked to. This behaviour resulted in
easy detection of Al-generated reviews. To make the task
more challenging, we tried to prompt the LLM in a way that
the texts will be as human like as possible. In the prompt,
the LLMs were asked to generate reviews of between 100
and 300 words in length. Each prompt contains approx. 10
instruction sentences, each with a different context (SUM-
MARY), rating (RATE; positive, negative or neutral) and
TONE, in order to cover a wide range of possibilities. The
prompt used to generate each text is saved, together with the
LLM used for generation, rate, and tone in the dataset.

Six LLMs were used: ChatGPT (gpt-4.1), Gem-
ini (gemini-2.5-flash-lite), Claude (claude-3-haiku), Mis-
tral (mistral-7b-instruct-v0.3), LLaMA (llama-3.1-405b-
instruct), and DeepSeek (deepseek-r1-0528). We used three
temperature values to have various creativity content (0.3,
0.7, 1.0). We created three subsets: MULTI-STYLE, MULTI-
TURN and PARAPHRASED.
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Example prompt:

Write a service review for the context written below as you
follow those rules:

Act as if you're trying to evoke RATE rated emotions
in the reader. Use emotional language such as emotion
phrases like (‘It made me feel...”) or empathy statement
like (‘Can you imagine how it feels to...?"). Make sure
every part of the text emphasizes this emotion, adding
phrases such as emotion-driven description like (‘It was
overwhelming...” or ‘It filled me with joy when..."). The
goal is to create an emotional connection that makes the
reader feel deeply involved.

Rules:

¢ The rate should be RATE rated.
¢ The tone should be more TONE.

* The length of the Review should be between 100 and
300 words.

e Try to make the generated review as what humans
write in real world scenarios.

NOTE: Return only the generated text, do not add
irrelevant symbols or special characters.

CONTEXT:
Here is a 1-2 sentence summary: SUMMARY

For MULTI-STYLE we used 50 different prompts to gen-
erate 26k Al-generated Google reviews. This process is the
base for all three approaches, since they will start by generat-
ing the main content similar to this approach, then following
their own further processing.

The MULTI-TURN subset was created for including more
robust content. Multi-Turn refers to a type of interaction be-
tween LLM and user in which we created a conversation
that spans multiple exchanges. We prompted the LLM to
generate a product review, then told the LLM to refine the
created content. This approach is recommended by Zheng
et al. (2024). We started by prompting the LLM with one
of our 50 prompts prepared (step 1). Afterwards, we took
the output and prompted the LLM again to humanize it and
make it more like what humans write (step 2). Then, we took
the whole previous context, therefore the first output and the
second output, and asked the LLM again to refine the text
and make it similar to human writing (step 3).

For the PARAPHRASED subset we viewed an evasion tech-
nique where an adversary rewrites Al-generated text to make
it appear more human-like in order to evade Al detectors.
Paraphrasing techniques can be applied manually or through
LLMs. Manual paraphrasing is harder but more effective
against Al-generated text detectors (Sadasivan et al. 2025;
Cheng et al. 2025). We have built 10 paraphrasing functions,
each function was designed differently to ensure coverage
of a wide range of possibilities. We included multiple meth-
ods such as filtering phrases, words replacement and adding
typo errors, using libraries like NLTK? and Scipy*. Again,
we first used the same prompts as in the multi-style setting,
than we applied the paraphrasing functions.

3https://www.nltk.org/
*https://scipy.org/



Prompt used for step 2 and 3 in the MULTI-TURN sub-
set:
Humanize this review text to be more as if a real human
wrote it, with TONE tone.
Note:
* Add grammar mistakes and humans spelling mistakes.
* Also the style, and vocabulary should shift naturally.
* Add minor grammar or punctuation inconsistencies.
* Mix emotions, varied, personal, more emotive.

Example review using Multi-Style prompting (Rate:
negative; Tone: dramatic; LLM: Claude):

Summary: The dealership was unresponsive and unhelp-
ful, with a salesperson not available to answer calls and
no urgency to bring a car from storage for a test drive.
Despite multiple calls and emails, the customer was left
waiting for over 4 days with no update on availability.
Al-generated review: What an absolute nightmare try-
ing to buy a car from this dealership. I've never experi-
enced such poor customer service and lack of urgency in
my life. After multiple calls and emails over 4 days, I still
couldn’t even get a salesperson on the phone to discuss the
car I was interested in. When I finally did reach someone,
they acted completely disinterested and said the car was
in storage, but they couldn’t bring it out for a test drive
anytime soon. I get that inventory is tight these days, but
come on - is it really that hard to make a customer a pri-
ority? I was ready to buy, but this whole experience left
me feeling ignored and frustrated. The lack of commu-
nication and willingness to accommodate my needs as a
potential buyer was just unacceptable. I ended up walking
away and taking my business elsewhere, which is a real
shame because I had my heart set on that car. If you value
your time and want to work with a dealership that actually
cares about its customers, I’d strongly recommend looking
elsewhere. This place clearly doesn’t have its act together,
and I wouldn’t wish the headache I went through on any-
one. What a disappointing waste of my time.

Generalizability For evaluating detectors on their gener-
alizability to unseen LLMs we generated another dataset
(external) using three additional, before unseen LLMs: Grok
(grok-4-fast), Qwen (qwen3-235b-a22b-2507) and Phi(phi-
4-reasoning-plus). We used the same procedure as for build-
ing the MULTI-STYLE subset, using the same 50 prompt
templates. We constructed an in-domain and out-of-domain
dataset.

For the in-domain dataset we used, again, the dataset
Google Local Reviews as basis and extracted texts with a
length between 100 and 300 words. We selected 6000 unique
items from Google Local Reviews and removed any dupli-
cate or semi duplicate in order to get unique records. Fur-
thermore, we selected texts from Google Local Reviews
with a length between 20 and 100 words and updated our
prompts to create content between 20 and 100 words. The
number 20 is selected because the largest English sentence
could be 20 words. Moreover, this range was selected to test
the performance of detectors on another, smaller size rather
than the original one with reviews with 100 to 300 words.
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For the out-of-domain test set, we used the human written
reviews of the HARPT dataset (Kelly et al. 2025) (released
under CC BY 4.0 licence). HARPT contains health app re-
views gathered from electronic health applications of 490k
users. Again, we generated a subset with reviews between
100 and 300 words and another subset with reviews of 20 to
100 words.

Dataset Post-processing For human and Al-generated
texts we applied the same preprocessing steps. We removed
empty records, remaining HTML, CSS tags and URLs.
Furthermore, we normalized white spaces and new lines.
Moreover, we validated that the selected human data was
only in English language. Additionally, for the Al-generated
text, we eliminated repetitive or Al specific patterns which
could influence our classification performance. To ensure
the uniqueness and integrity of the dataset, we implemented
exact-duplicate and semi-duplicate removal, using Facebook
Al Similarity Search (Douze et al. 2024).

Final Dataset Our dataset is made publicly available and
adheres to the FAIR principles to promote transparency, ac-
cessibility, and reusability. The dataset is assigned a persis-
tent identifier (DOI: 10.5281/zenodo.18162470) and is reg-
istered in Zenodo’, to ensure easy discovery by researchers
and automated systems (findable). Data files and documen-
tation are openly available (accessible). The dataset is pro-
vided in the widely used, machine-readable format CSV,
facilitating integration with diverse analysis tools and plat-
forms (interoperable). The CSV-files contain, for each text,
the columns ReviewID, LLMText, LLMType, LLMPrompt,
rate, tone and generation type (MULTI-STYLE, MULTI-
TURN or PARAPHRASED). Comprehensive documentation,
including data collection methods and usage guidelines, is
provided (e.g. datasheet for datasets). The dataset is shared
for research purposes only. We choose this publication
method as the Google Local Review dataset, on which our
dataset is based on, was also published for research purposes
only. Still, the licence enables lawful reuse and citation
(reusable). Only the Al-generated texts are published. The
corresponding human texts can be extracted from Google
Local Review using the provided ReviewID. The ReviewID
consists of a combination of the gmap_id, user_id (provided
in Google Local Review) and a random number. This way,
each Al-generated text has a unique identifier. Furthermore,
using the gmap_id and user-id the original human text can
be extracted. For HARPT the unique identifier provided by
Kelly et al. (2025) was saved.

Potential Limitations While creating out dataset we tried
to incorporate a diverse set of data, using diverse prompts
and tones. Still, the texts were processed similarly, which
could result in a bias. Furthermore, we focussed on review
generation using the dataset Google Local Review as basis,
containing reviews about businesses and services. There-
fore, our dataset contains only Al-generated reviews about
businesses and services, similar to Google. Other review
types (domains) such as product reviews or IMDb reviews
(see RAID) are not included.

Shttps://doi.org/10.5281/zenodo.18162470



Model Multi-Style ~ Multi-Turn ~ Paraphrased
gemini-2.5-flash-lite 4881 4755 4655
gpt-4.1-mini 4923 4780 4593
claude-3-haiku 4814 4592 4584
deepseek-r1-0528 4186 3482 4274
mistral-7b-instruct-v0.3 4762 4692 3772
llama-3.1-405b-instruct 3253 4706 3020
Overall 26819 27007 24898

Table 2: Our dataset: Amount of Texts per LLM used.

The generation of Al-reviews was facilitated by the util-
isation of summaries of human written reviews. This ap-
proach was adopted to furnish the LLMs with the necessary
context, thereby enhancing the quality of the results (Sahoo
et al. 2024). However, this approach is not without its draw-
backs, as it can result in the loss of pertinent information
and a concomitant shift in perception of reality. It is im-
portant to note that when information is summarised, cer-
tain nuances and contextual elements may be inadvertently
omitted. Therefore, a summary may be defined as an inter-
pretation of the content, rather than a mere reproduction. The
LLM is then presented with a simplified version of reality.
Often, uncertainties and/or ambiguities, e.g. “maybe” or “it
could be”, are omitted from summaries. This may result in
the LLM working with statements that sound overly certain.
It is important to consider this factor, but it was accepted in
order to generate the most optimal reviews.

Furthermore, we applied post-processing techniques, with
the attempt to remove noisy or unstructured data. Still, we
cannot be sure that all kinds of noise were removed. The
dataset Google Local Review contains reviews from the
United States, this can lead to a sociolinguistic bias. Future
work should focus on an even more diverse dataset incor-
porating also reviews from various countries in various lan-
guages.

We did not use any personal information. If personal in-
formation is found in the dataset, that was not our intention.

Dataset Analysis

Content Counts Table 2 shows the number of texts per
LLM in our dataset, for the three different generation styles.
Overall, our main dataset contains 78,724 Al-generated
texts, distributed over texts generated by MULTI-STYLE,
MULTI-TURN, and PARAPHRASED. All texts were gener-
ated from different summaries.

Our external dataset, created for testing the generalizabil-
ity of the detectors on unseen LLLMs, contains overall 20,412
texts. Table 3 shows the LLMs used for creating the exter-
nal test sets. Four external test sets were built, two based
on HARPT and two based on before unseen reviews from
Google Local Reviews. Table 4 shows an overview of all
subsets created, divided by the number of texts per rate
(negative, neutral, or positive). Except for External HARPT
(100-300 words) all subsets are balanced between the three
rate classes. External HARPT (100-300 words) contains
comparable less neutral texts (112 neutral, 759 negative, and
441 positive), being a good test set for real-world scenarios,
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as their, unbalanced data is very likely.

Modell HARPT HARPT Google Google
(100-300)  (20-100) (20-100) (100-300)
phi-4-reasoning-plus 438 2168 2100 2100
grok-4-fast 437 2166 2100 2100
qwen3-235b-a22b-2507 437 2166 2100 2100
Overall 1312 6500 6300 6300

Table 3: LLMs used for creating the external (in-domain and
out-of-domain) dataset.

Word Counts Using various prompts we asked the LLMs
to generate reviews between 100 and 300 words. We anal-
ysed the resulting texts based on their word counts us-
ing Spacy®. Figure 1 shows the distribution of the word
counts over the three splits MULTI-STYLE, MULTI-TURN,
and PARAPHRASED. Although we asked for reviews be-
tween 100 and 300 words, the resulting Al-generated texts
are spread out between 86 and 370 words. The texts gener-
ated using PARAPHRASED are in mean longer with 234.23
words, the texts in the MULTI-STYLE split are shorter with
a mean of 194.39 words.

o6

Word Count

92

163

158

Multi_Style

Multi_Turn Paraphrased

Figure 1: Distribution: Word counts of Al-generated texts.

Sentence Embedding Furthermore, we created sentence
embeddings using the model all-MiniLM-L6-v27 of sen-
tence transformers. Using UMAP for dimension reduc-
tion we visualized the three splits MULTI-STYLE, MULTI-
TURN, and PARAPHRASED (see Figure 2) and additional
adding three subsets of RAID (see Figure 3). With this, we
want to give first insights in the content of our dataset and
compare it with an existing dataset (RAID). Our three sub-
sets were created by diverse Google reviews, using different
prompts. Still, viewing Figure 2 the texts are clustered in
the same area. At least in a 2D setting, the different genera-
tion styles are not clustered separately, but one domain (clus-
ter) is visible. In contrast, viewing RAID with Al-generated
texts of different domains (Reddit, IMDDb reviews and news)
the embeddings differ widely (see Figure 3). We included
RAID review to include review texts of another dataset. The
reviews in RAID are reviews from IMDDb (internet movie
database). With this, the texts seem to differ heavily from

Shttps://spacy.io/
"https://huggingface.co/sentence-transformers/all-MiniLM-
L6-v2



Rate Multi-Style Multi-Turn Paraphrased External Google (20-100) External Google (100-300) External HARPT (20-100) External HARPT (100-300)
Negative 9552 9115 8921 2100 2100 2166 759
Neutral 9423 8979 8717 2100 2100 2166 112
Positive 7844 8913 7260 2100 2100 2168 441

Table 4: Our dataset (only Al-generated text): Number of texts per rate (negative, neutral, positive).

Multi_Style
Multi_Turn
Paraphrased

Figure 2: Embedding: Our Al-generated reviews dataset.

Google reviews. In Figure 3 RAID_reviews (blue) are visu-
alized more spread out and in different areas as the texts of
our Google review dataset.

Linguistic Features Our dataset contains Al-generated
reviews and the human written counterpart. This allows
an evaluation of potential linguistic features added through
LLMs or specificities for human writing. Therefore, we
analysed our dataset using handcrafted linguistic features us-
ing the LFTK library (Lee and Lee 2023). LFTK consists of
200 handcrafted features, divided in 12 feature families (e.g.
word difficulty, read formulas and lexical variation).

We extracted for each text (human and Al) all 200 features
and calculated the minimum, mean, and maximum for each
feature. Then, we calculated the differences (e.g. mean hu-
man texts - mean Al-generated texts), resulting in the results
of mean_diff, min_diff and max_diff in Table 5. Furthermore,
we calculated Kolmogorov—Smirnov-Statistics (ks_stat) for
analysing the difference in distributions and cohen’s d as
method for analysing the magnitude of the difference. Based
on cohen’s d we extracted the 10 features which differ most
between Al and human written texts (Table 5).

We tried to generate a dataset which is as challenging
as possible. Therefore, we tried to generated reviews being
as human-like as possible. Still, differences in the linguistic
features are visible. This was expected, as we generated new
texts, only copies would result in the same scores. As one
can see in Table 5, type token ratios, being a basic measure
of lexical diversity in a text, differ the most between our Al
and human written texts. With negative difference values one
can say that, at least in our dataset, Al-written reviews have
a higher lexical diversity than human ones. Similarly, view-
ing the features root_adj_var and corr_adj_var, being features
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Multi_Style

Multi_Turn - .
Paraphrased ) e
RAID_news s S S
RAID_reviews ey, L e
RAID_reddit . .o

Figure 3: Embedding: Our review dataset and RAID.

of the family for lexical variation, again, the Al-generated
reviews have higher lexical variation than the human writ-
ten reviews. Furthermore, our Al-generated reviews contain,
in mean, more numbers of punctuations (t_punct/n_punct),
number of unique words (t_uword) and numbers of unique
adjectives (n-uadj). These patterns can be mitigated in the
generation process in future work, helping to create an even
more challenging dataset.

Linguistic Features by Generation Type Our dataset
contains three subsets: MULTI-STYLE, MULTI-TURN and
PARAPHRASED, each set standing for a slightly different
generation process. In order to evaluate the effect of the var-
ious generation types, an additional linguistic analysis was
performed, once more utilising the extracted LFTK features.
In this instance, the focus was exclusively on the analy-
sis of Al-generated text. The LFTK values were standard-
ised, and then an analysis of variance (ANOVA) was used
to extract the feature importance. Of the ten features that
exhibited the highest scores in the ANOVA analysis, the
mean and standard deviation were calculated (see Figure 4).
PARAPHRASED text seems to differ the most from MULTI-
STYLE and MULTI-TURN generated text. MULTI-STYLE
and MULTI-TURN share numerous similarities, yet they also
exhibit distinct differences.

Once more, four measures of type token ratios were iden-
tified as the most divergent features. Whereby, especially
for the PARAPHRASED subset, the means are higher, for
MULTI-STYLE and MULTI-TURN lower (negative) means
were calculated. It appears that paraphrasing introduces a
greater degree of lexical diversity into the dataset. Five of the
six read formulas included in the LFTK library were iden-



Family Feature Feature description Statistics

cohens_d ks_stat mean_diff min_diff  max_diff
type token ratio  root_ttr-no_lem  root type token ratio no lemma 1.676692  0.608963 -1.568364 -2.098 -1.039
type token ratio  root_ttr root type token ratio 1.676692  0.608963 -1.568364 -2.098 -1.039
type token ratio  corr_ttr corrected type token ratio 1.676687  0.608963 -1.109006 -1.484 -0.735
type token ratio  corr_ttr.no_lem  corrected type token ratio no lemma 1.676687  0.608963 -1.109006 -1.484 -0.735
wordsent t_punct total number of puntuations 1.654326  0.663838  -20.711841 -1.000 729.000
part of speech n_punct total number of punctuations (POS) 1.654326  0.663838  -20.711841 -1.000 729.000
lexicalvariation root_adj_var root adjectives variation 1.598393  0.582465 -1.092282 -0.632 -0.730
lexicalvariation corr_adj_var corrected adjectives variation 1.598386  0.582465 -0.772345 -0.447 -0.516
wordsent t-uword total number of unique words 1.587030  0.583621 -41.754357  -49.000 -39.000
part of speech n_uadj total number of unique adjectives 1.499876  0.564237  -7.988555 -1.000 -6.000

Table 5: Al vs. human reviews: Top 10 LFTK features (ranked based on cohen’s d). Negative difference: Feature higher for Al

(than human).
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Figure 4: Analysis of MULTI-STYLE, MULTI-TURN and
PARAPHRASED: Top 10 LFTK features (ranked with
ANOVA).

tified as features that differed significantly (in both positive
and negative directions) for the MULTI-STYLE and MULTI-
TURN splits. The read formulas are as follows: smog (Smog
index), ftkgl (Flesch Kincaid grade level), tkre (Fisch Kin-
caid reading ease), cole (Coleman Liau index) and auto (au-
tomated readability index). As MULTI-TURN differs from
MULTI-STYLE solely in terms of multiple-turn prompting,
with the objective to humanise the text by requesting that the
LLM refine the content. This will enable an analysis of the
effects of these additional loops. We asked the LLM to add
e.g. grammar mistakes and minor grammar inconsistencies.
This approach is also reflected in the lower read formular
scores of MULTI-TURN texts, compared to MULTI-STYLE
texts.

Application: Al-generated Review Detection

One main application area of the newly created dataset is
Al-generated review detection. Furthermore, the dataset can
also be used for fake review detection. Therefore, the iden-
tification of deceptive reviews. We focus here on the first
application area, Al-generated review detection by training
various detectors for Al-generated review detection.

Experimental Setting Following Hadi et al. (2025), we
based our work on RoBERTa. We used the transformers li-
brary using RoBERTa base (Liu et al. 2019) as basis. We
fine-tuned RoBERTa for 5 epochs using a learning rate of
2e-5. We trained five detectors. The first is trained on a
train split of our newly created dataset (Det. #1). Further
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three are trained on training splits of RAID Reddit (Det.
#2), news (Det. #3) or reviews (Det. #4). All three detectors
trained on RAID splits were trained with a weighted trainer.
With this, we weighted the predictions of human written
texts higher, as RAID is highly imbalanced containing more
Al-generated texts as human written ones. The fifth detec-
tor was trained on all 4 datasets (ours, RAID news, Red-
dit and reviews; Det. #5). For all experiments, we divided
the datasets in training (70%), development (15%), and test
(15%) sets. The same training/development/test splits were
used for training the fifth detector. For each detector, we
tested the performance after each epoch on the development
set. The model with the best macro F1-score on the develop-
ment set was used for final testing.

Overall Results The detector trained on all datasets (Det.
#5) performed, when viewing all test sets, the best (see Ta-
ble 6). On all four test splits, the detector achieves F1-scores
above 95%. On RAID_reviews, the detector performed even
better than the one trained only on RAID_reviews (Det. #4;
F1-Score: 95.28% - 94.93%). The detector saw the different
datasets during training and was able to learn the different
features during training. The other four detectors were only
trained on one of the domains of the test data. Therefore, the
evaluation on unseen domains is more challenging. Except
for the detector trained on RAID _reviews (Det. #4), the de-
tectors performed, unsurprisingly, the best on the test set of
the dataset they were trained on (F1-scores of 96%+). Here,
the features of the texts in the respective domains were, pre-
sumably, learned. Now, when applied on new, before unseen
datasets the performance dropped. For example, the detec-
tor trained on our Google reviews dataset (Det. #1) achieved
an F1-score of 99.98% on the Google review test split. But,
on the test split of RAID_reddit the performance dropped
to an Fl-score of 30.39%. Interestingly, on RAID reviews,
the test split of RAID with IMDD reviews, the same detector
reached an F1-score of 40.58%, being better as on the other
RAID splits/domains. Possibly, the similar test domain (re-
views) helps the detector slightly to generalize (in contrast
to e.g. Al-generated Reddit posts). Similarly, the detector
trained on RAID _reviews (Det. #4) achieved an F1-score of
59.74% on the test split of our Google reviews dataset.
Viewing the results on the RAID splits, used for train-
ing and testing, interestingly, the detector trained on



Test data
Det.  Training data Ours RAID RAID RAID
_reddit _news _reviews

#1 Ours (reviews) 0.9998  0.3039 0.3555 0.4058
#2 RAID_reddit 04625  0.9671 0.4929 0.5285
#3 RAID_news 0.3353  0.4928 0.9970 0.4917
#4 RAID_reviews 0.5974  0.7978 0.4930 0.9493
#5 All 0.9986  0.9546 0.9950 0.9528

Table 6: F1-scores, evaluating the 5 detectors. The best result
per test dataset is marked in bold, second best is underlined.

External test set F1 (overall) Human Phi4 Qwen3 Grok4
HARPT 100-300 1.0 1.0 1.0 1.0 1.0
HARPT 20-100 0.9959 0.4995 0.4999  0.4958 0.4997
Google 20-100 0.9937 0.4999 0.4991 0.4930 0.4987
Google 100-300 0.9994 0.4998 1.0 0.4996 1.0

Table 7: Generalizability over unseen LLMs: Fl-scores of
the detector trained on our reviews (Det. #1), tested on our
external dataset. Higher 50%: marked in bold.

RAID_reddit (Det. #2) performed comparable good on
RAID _reviews (F1-score: 52.85%) and vice versa (Det. #4;
F1-score: 79.78%).

Results on the External test set In the following, a more
in-depth analysis is performed on the detector trained with
our Google reviews dataset (Det. #1). We created the ex-
ternal dataset to test Al-generated text detectors in their
applicability in identifying texts generated by before un-
seen LLMs and in identifying especially short texts (20-100
words). In Table 7 the results of the detector (trained on
Google reviews; Det. #1) on the splits of our external dataset
are given. On longer texts (100-300 words) the results were
superior. Presumably, the short texts (20-100 words) do not
have enough information for the detector to achieve a good
performance. The detector had problems in identifying all
kinds of texts (human and Al-generated by Phi4, Qwen3,
and Grok4).

Interestingly, on the HARPT dataset, consisting of health
app reviews, the performance using the longer texts was
superior (F1-score: 100%) as on the in-domain Google re-
view split (F1-score: 99.94%). While on the HARPT split
all texts were correctly identified, on Google, the detector
had problems in identifying human written texts (49.98%)
and with Qwen3 generated texts (49.97%). One cause could
be, that the LLMs Ph4, Qwen3, and Grok4 behave similar
to the LLMs the detector was trained on. Otherwise, at least
RoBERT4, seem to generalize to new LLMs, whereby sen-
tence length seems to have a high impact on its performance.

Results per LLM Furthermore, we analysed the detectors
performances per LLM on our Google reviews test set (see
Table 8). With an Fl-score of 99.98%, the detector trained
on our Google review dataset (Det. #1) performed, unsur-
prisingly, the best on the Google review test split. But, when
viewing Table 8 one can see that the detector still has prob-
lems in identifying human written texts (50%) and by Gem-
ini generated texts (49.97%). Given that the LLMs were bal-
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Detector # (trained on)

Det. #1 Det. #2 Det. #3 Det. #4

(Ours) (RAID_reddit) (RAID_news) (RAID_reviews)
Human 0.5000 0.1497 0.0 0.3076
Claude 1.0 0.4735 1.0 0.4450
DeepSeek | 1.0 0.4673 1.0 0.4213
Gemini 0.4997 0.4714 1.0 0.3957
GPT 4.1 1.0 0.4435 1.0 0.4692
LLaMA 1.0 0.4603 1.0 0.4219
Mistral 1.0 0.4885 1.0 0.4494

Table 8: Per LLM: Performance on our Google reviews test
set. Higher 50%: marked in bold.

Detector # (trained on)
Det. #1  Det. #2 Det. #3 Det. #4
(Ours) (RAID_reddit) (RAID_news) (RAID_reviews)
multi-style 0.4998 0.4928 1.0 0.4877
multi-turn 1.0 0.4746 1.0 0.4463
paraphrased | 1.0 0.4286 1.0 0.3466

Table 9: Per Generation Type: Performance on our Google
reviews test set. Higher 50%: marked in bold.

anced in terms of the training/development/evaluation split,
it can be deduced that the issue is not attributable to class im-
balance during the training phase. Future work should anal-
yse this behaviour in more depth.

The detector trained on RAID _news (Det. #3) achieved an
F1-score of 35.55% on our Google reviews test set. All texts
were labelled as Al-generated (see 0% for human in Table
8). The detector cannot differentiate between Al-generated
and human texts when confronted with our reviews. On the
RAID _news test set the same detector reached an F1-score of
99.7%. The generalizability of this on news articles trained
detector is limited. RAID is very imbalanced, containing
more Al-generated texts as human written ones, even with
our applied weighting during training, presumably, the de-
tector does not learn to identify human written texts cor-
rectly.

Results per Generation Type We used three different
generation types (MULTI-STYLE, MULTI-TURN and PARA-
PHRASED) for building our Al-generated Google reviews
dataset. In Table 9 the performances of the four detectors
are analysed based on the splits of the generation types in
the test set. The detector trained on RAID _news (Det. #3)
can be ignored, as found earlier, all texts were classified
as Al-generated, resulting in 100% correct classified texts
in Table 9. More interesting is the performance of the de-
tector trained on our Google reviews dataset (Det. #1) and
tested on it. Texts generated using MULTI-STYLE seem to
be the most challenging to be detected, with only 49.98% of
the texts being correctly classified. MULTI-STYLE genera-
tion was the basic generation style. For MULTI-TURN and
PARAPHRASED generation we applied additional functions
on the through MULTI-STYLE generated texts. Maybe, these
additional processing steps are introducing artefacts which
are easier to detect.



Detector # (trained on)
Det. #1 Det. #2 Det. #3 Det. #4
(Ours) (RAID_reddit) (RAID_news) (RAID_reviews)
negative | 0.9999 0.4970 0.3358 0.6293
neutral 0.9999 0.4615 0.3351 0.5973
positive 0.9996 0.4162 0.3350 0.5569

Table 10: Per Rating: F1-scores on our Google reviews test
set. Higher 50%: marked in bold.

Results per Rating Reviews can have different ratings.
We created reviews with three ratings, see Table 4 for the
number of texts per rate (negative, neutral, and positive) in
our dataset. In Table 10 we calculated the performance of
the detectors by rating. The detector trained and tested on
our Google reviews dataset (Det. #1) correctly classifies all
three types of texts with a Fl-score of 99.9%. The positive
written texts were slightly worse recognized with a F1-score
of 99.96%, compared to negative and neutral reviews with a
F1-score of 99.9%. Over all four detectors tested, the pos-
itive reviews were the hardest to be detected. For example,
the detector trained on RAID _reviews (Det. #4) reached a
F1-score of 62.93% on negative reviews, 59.73% on neutral
and 55.69% on positive reviews.

Results, tested on RAID Until now, we analysed the de-
tectors on the Google review test set and External test set
created by us. In Table 11 we provide a short overview of the
performance of the detector trained on our Google reviews
dataset (Det. #1) but tested on the RAID test splits (Reddit,
news, and reviews). Interestingly, the detector correctly clas-
sified all samples in the RAID _reviews test set generated by
the LLMs ChatGPT and GPT4 (100%). Otherwise, the re-
sults are rather poor, as expected, as the detector showed
already to not generalize to RAID (see Table 6). Interest-
ingly, the texts generated by Mistral, used in our dataset and
for generating texts in the RAID dataset, are also not recog-
nized. It seems like the text domain of the content is more
important for detection performance than the LLM used for
text generation. Furthermore, the possibility cannot be dis-
missed that the prompts used in the creation of the dataset
may have led to the emergence of certain artefacts that the
detector focuses on, which in turn has resulted in suboptimal
generalisation performance.

Conclusion

We introduced a large dataset with, 78,724 Al-generated
Google reviews. Furthermore, we introduced a sec-
ond, smaller dataset (External) with 20,412 Al-generated
Google/health app reviews. The datasets are publicly avail-
able to foster further research. Furthermore, we provided
first insights in the dataset structure and performed first ex-
periments using the datasets for Al-generated review detec-
tion. First insights showed that positive reviews are harder to
be detected as neutral or negative ones. Furthermore, shorter
texts appear to be more challenging. A short analysis on our
external test splits revealed that a different review domain
(HARPT; health app reviews) can still be correctly detected
by a detector trained on Google reviews. Whereby, pre-
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Test data
RAID_reddit RAID_news RAID_reviews

Human 0.4904 0.4743 0.4682
chatgpt 0.4204 0.4972 1.0

cohere 0.1117 0.1926 0.2507
cohere-chat 0.1699 0.2189 0.3908
gpt2 0.0582 0.0719 0.0455
2pt3 0.1091 0.1074 0.1947
gptd 0.4195 0.4947 1.0

Illama-chat 0.4620 0.4873 0.4982
mistral 0.0583 0.0992 0.0596
mistral-chat | 0.3555 0.4277 0.4995
mpt 0.0584 0.0562 0.0367
mpt-chat 0.3393 0.3870 0.4775

Table 11: Generalizability on RAID test sets: Performance
of the detector trained with our Google reviews dataset (Det.
#1). Higher 50%: marked in bold. Grey: similar LLM con-
tained in the Google review training set.

sumably, the similar generation types/prompts applied could
have helped the detector to generalize. A total domain shift,
viewing other domains such as Reddit posts and IMDb Re-
views led to a heavy degradation in detection performance.
Future work should investigate this behaviour in more depth.
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(f) Do you discuss what is “the cost* of misclassification
and fault (in)tolerance? Yes

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes

(b) Did you mention the license of the assets? Yes

(c) Did you include any new assets in the supplemental
material or as a URL? Yes. The dataset is published to-
gether with the paper (see zenodo link). Furthermore,
the dataset can also be found in the supplementary ma-
terial for the reviewers.

Did you discuss whether and how consent was ob-

tained from people whose data you’re using/curating?
Yes

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? Yes

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see FORCEL11 (2020))? Yes

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
(2021))? Yes, see zenodo link and supplementary ma-
terial.

(d)

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA



