
Informatica Economică vol. 30, no. 3/2026  81 

 

Detecting AI-Generated Product Reviews  
Using Classical Machine Learning Techniques 

 
Sebastian TONU, Ioana-Alexandra TONU 

Gheorghe Asachi Technical University of Iași, Romania 
sebastian.tonu@academic.tuiasi.ro, ioana-alexandra.tonu@student.tuiasi.ro 

 
The increased use of online product reviews has made them a key factor in consumer decision-
making processes within e-commerce platforms. In this context, recent advances in large lan-
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providing interpretable insights into the patterns that differentiate generated and authentic re-
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Introduction 
Online product reviews are a widely used 

source of information in e-commerce systems, 
helping users in the absence of direct interac-
tion with products [1], [2], [3]. Empirical stud-
ies show that a significant proportion of con-
sumers rely on such reviews during the deci-
sion-making process [1], [2], [3], while a non-
negligible fraction of the available content is 
estimated to be misleading or inauthentic [4], 
[5]. Given the scale at which this data is gen-
erated and consumed, even a moderate rate of 
unreliable reviews can affect a large number 
of transactions and alter the perceived quality 
of products [2], [4]. In these circumstances, 
identifying inauthentic review content be-
comes a necessary component in maintaining 
the integrity of online marketplaces [4], [5].  
Large language models enable the generation 
of structured and fluent text that can approxi-
mate human-written product reviews [6], [7]. 
When applied at scale, such systems can pro-
duce content that is difficult to distinguish 
from authentic user feedback. In such a sce-
nario, the presence of artificially generated re-
views increases the ambiguity of the available 
information [7], [8]. 

Existing methods for detecting deceptive re-
views are typically developed for human-gen-
erated content and rely on assumptions that do 
not fully apply to text produced by large lan-
guage models. Due to the increased regularity 
and fluency of generated text, the perfor-
mance of such methods may degrade in this 
setting [7], [8]. A significant part of the exist-
ing work focuses on classification accuracy, 
while offering limited insight into the factors 
driving model decisions [5], [8], [9]. This cre-
ates the need for approaches that combine ef-
fective detection with interpretable represen-
tations of the underlying patterns [9], [10]. 
This paper proposes a practical approach for 
detecting AI-generated product reviews based 
on classical machine learning techniques. A 
dataset is constructed by combining real user 
reviews [11] with artificially generated con-
tent obtained using a large language model, 
followed by a preprocessing stage aimed at re-
moving noise and standardizing the input 
data. The classification task is addressed using 
a TF-IDF representation and a linear Support 
Vector Machine model, selected for its sim-
plicity and effectiveness in high-dimensional 
text spaces. In addition, an explainability 
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component based on SHAP is introduced to 
analyze the contribution of individual linguis-
tic features to model predictions. The results 
show that the proposed approach achieves 
high classification performance, while also 
providing interpretable insights into the pat-
terns that differentiate generated and authentic 
reviews. 
From a practical perspective, the use of clas-
sical machine learning models is motivated 
not only by their competitive performance in 
sparse text classification settings, but also by 
their relative simplicity, reproducibility, and 
lower computational cost. These characteris-
tics make such models suitable for integration 
into e-commerce review auditing workflows, 
where transparent decision support may be 
preferable to more complex black-box alter-
natives. 
 
2 Related Work 
Online product reviews have been extensively 
examined in the e-commerce literature due to 
their influence on consumer judgment and 
purchasing behavior [1], [2]. Early studies 
showed that recommendations and review-
based signals can affect online choices, while 
subsequent work demonstrated that both the 
presence and the perceived quality of reviews 
may influence product evaluation and sales 
performance [1], [2], [3]. In this context, re-
view content has been treated not only as a 
source of consumer opinion, but also as a de-
cision signal with direct relevance for digital 
marketplaces [2], [3]. This perspective ex-
plains the increasing interest in methods for 
analyzing review text and, more recently, for 
assessing its credibility [4], [5]. 
Research on review authenticity has devel-
oped mainly under the broader framework of 
review spam and deceptive review detection. 
Early work formalized the notion of opinion 
spam and showed that false or manipulative 
reviews require dedicated detection strategies 
rather than direct reuse of methods developed 
for other forms of spam [4], [12]. Other stud-
ies approached deceptive review detection as 
a supervised text classification problem and 
showed that linguistic features can provide 
substantial discriminatory power, even when 

human judgment remains unreliable [13]. 
Later work extended this direction by incor-
porating reviewer behavior and behavioral 
footprints, moving beyond purely lexical ap-
proaches [14], [15]. More recent studies have 
further explored richer textual representations 
and e-commerce-specific settings to improve 
the detection of false reviews across diverse 
product categories [5], [16]. The recent de-
velopment of large language models has intro-
duced a distinct layer of complexity to the 
problem of review authenticity [8], [17]. Un-
like traditional deceptive reviews, which were 
typically written by humans and often retained 
observable stylistic irregularities, machine-
generated reviews can be produced at scale 
and may exhibit a higher degree of fluency, 
regularity, and contextual coherence [6], [7]. 
This shift has motivated a growing body of 
work on AI-generated text detection, includ-
ing studies that address the specific case of 
machine-generated fake reviews in e-com-
merce environments [8], [17]. At the same 
time, recent research has placed increasing 
emphasis on model interpretability, arguing 
that high classification performance alone is 
not sufficient when the objective is to under-
stand the linguistic patterns associated with 
manipulated content [9], [10], [18]. Interest in 
the broader role of AI in e-commerce has also 
been noted in the Romanian context, where re-
cent work has examined user trust in AI-based 
systems [19], while the expansion of digitally 
mediated commerce has further increased the 
relevance of reliable automated content as-
sessment [20]. 
Despite these advances, several limitations re-
main visible in the current literature. A sub-
stantial part of existing work addresses either 
traditional deceptive reviews or AI-generated 
text in a more general setting, while fewer 
studies examine AI-generated product re-
views in a focused e-commerce context [5], 
[6], [7], [8], [17]. Many contributions remain 
primarily oriented toward classification per-
formance, whereas the linguistic factors un-
derlying model decisions are discussed less 
systematically [9], [10], [18]. Against this 
background, the present study is positioned at 
the intersection of e-commerce review 
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analytics, AI-generated content detection, and 
explainable machine learning, with an empha 
sis on simple and reproducible text classifica-
tion models applied to a dataset combining 
real reviews and LLM-generated content [11]. 
 
3 Dataset Construction 
3.1 Real and AI Data 
The dataset used in this study consists of both 
real user-generated product reviews and arti-
ficially generated content. The real reviews 
were collected from an existing dataset [11] 
and filtered to remove entries with missing 
values or extremely short text, ensuring a min-
imum level of content consistency. 
Artificial reviews were generated using a 
large language model, namely Gemma 2B in-
struction-tuned model (google/gemma-2-2b-
it) [21], with the objective of producing short 
product reviews that resemble typical user 
feedback. The generation process was guided 
by prompts designed to produce reviews of 3 
to 5 sentences, combining positive aspects 
with mild negative observations in order to 
approximate realistic writing patterns [8]. Ad-
ditional constraints were applied to avoid 
meta-textual elements and template-like arti-
facts. 
 

Table 1. Dataset distribution 
Class Count 
Real 3000 
AI 2893 

Total 5893 
 

The final dataset was obtained by combining 
the two sources into a unified collection of 

labeled samples, where real reviews were as-
signed label 0 and generated reviews label 1. 
The resulting dataset (Table 1) contains 5,893 
samples, including 3,000 real reviews and 
2,893 AI-generated reviews. 
The dataset is approximately balanced, allow-
ing a fair evaluation of the classification mod-
els without requiring additional balancing 
techniques. 
 
3.2 Data Cleaning 
A preprocessing stage was applied to stand-
ardize the textual data and remove artifacts 
that could introduce bias in the classification 
process [5]. HTML elements and residual to-
kens such as br were eliminated, as they do 
not represent meaningful linguistic infor-
mation and may act as unintended discrimina-
tive features. Duplicate entries were removed 
to avoid redundancy, and reviews with ex-
tremely short or inconsistent content were fil-
tered out. Basic normalization steps were also 
applied to ensure a consistent format across all 
samples. 
The resulting dataset contains clean and ho-
mogeneous text data, suitable for feature ex-
traction and subsequent classification. To pro-
vide a compact overview of the cleaned cor-
pus, several descriptive statistics were com-
puted separately for the two classes. The re-
sults are presented in Table 2. 
The statistics show that AI-generated reviews 
are, on average, longer than authentic reviews, 
both in terms of word count and sentence 
count. These differences suggest that the two 
classes vary not only in lexical content, but 
also in basic structural properties of the text.

 
Table 2. Descriptive statistics of the cleaned dataset 

Class Avg. word count Avg. sentence count Avg. char count 
Real 36.80 3.19 188.75 
AI-generated 42.21 4.11 201.25 

 
4 Methodology 
4.1 Feature Extraction 
The textual data was transformed into numer-
ical representations using two feature extrac-
tion strategies (Fig. 1). The first strategy was 
based on simple surface features (Table 3), 

intended to capture general structural charac-
teristics of the reviews, such as text length, 
punctuation-related information, and other 
basic stylistic indicators. This representation 
was used for the baseline configuration. 
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Table 3. Surface features for baseline 
Feature Description 

num_chars Total number of characters in the review 
num_words Total number of words 
num_sentences Total number of sentences 
avg_word_length Average number of characters per word 
avg_sentence_length Average number of words per sentence 
unique_words Number of distinct words 
type_token_ratio Ratio between unique words and total words 
num_exclamations Number of exclamation marks 
num_questions Number of question marks 
num_digits Number of numeric characters 

 
The second strategy was based on the Term 
Frequency–Inverse Document Frequency 
(TF-IDF) approach [22], [23]. In this repre-
sentation, each review is encoded as a vector 
in a high-dimensional feature space, where 
each dimension corresponds to a term or a se-
quence of terms extracted from the corpus. 
The TF-IDF weight of a term 𝑡 in a document 
𝑑 is defined as: 

 𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑑) = 𝑡𝑓(𝑡, 𝑑) ∙ log 	(
𝑁

𝑑𝑓(𝑡))  
where 𝑡𝑓(𝑡, 𝑑) represents the term frequency, 
𝑑𝑓(𝑡) denotes the document frequency, and 𝑁 
is the total number of documents in the da-
taset. The TF-IDF representation reduces the 
influence of frequently occurring terms that 
carry limited information, while emphasizing 

terms that are more specific to individual re-
views [22], [23]. In this study, both unigrams 
and bigrams were considered in order to cap-
ture not only individual word usage, but also 
short contextual patterns that may differenti-
ate generated and authentic content. The in-
clusion of bigrams allows the model to cap-
ture short patterns that may reflect common 
phrasing used in generated content. The TF-
IDF representation was selected due to its 
simplicity and effectiveness in text classifica-
tion tasks [23], [24]. In addition, a supplemen-
tary sensitivity analysis was conducted in or-
der to compare the unigram–bigram represen-
tation with a unigram-only TF-IDF configura-
tion for the lexical classification models.

 

 
Fig. 1. The general architecture of the project 

 
4.2 Classification Models 
The classification task was addressed through 
three experimental configurations derived 
from the combination of two feature represen-
tations and two classifiers (Fig. 1). The base-
line configuration used Logistic Regression 
applied to the surface features described 

above. This setting was intended to provide a 
reference point for evaluating the contribution 
of richer lexical representations. 
A second configuration employed Logistic 
Regression on top of the TF-IDF representa-
tion. This experiment was introduced to assess 
the effect of lexical information 
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independently of the final classifier and to 
measure the improvement obtained when 
moving from surface-level descriptors to 
sparse term-based features. The third configu-
ration corresponds to the main model of the 
proposed framework. In this case, a linear 
Support Vector Machine (SVM) classifier was 
applied to the same TF-IDF feature space. 
This model was selected due to its ability to 
effectively handle high-dimensional sparse 
data, which is characteristic of text-based rep-
resentations, as well as its strong performance 
in similar classification tasks [24]. 
The dataset was divided into training and test-
ing subsets in order to evaluate the generaliza-
tion capability of the models. Standard classi-
fication metrics were used to assess perfor-
mance. An explainability analysis was further 
conducted using SHAP [10], applied to the 
SVM model trained on TF-IDF features, to in-
vestigate the contribution of individual lin-
guistic features to the prediction process. 
 
5 Experimental Results and Evaluation 
5.1 Experimental Setup 
The experimental evaluation was conducted 
on the dataset described in Section 3, consist-
ing of 5,893 labeled reviews, including 3,000 
real samples and 2,893 AI-generated samples. 
Since the class distribution is approximately 
balanced, no additional resampling techniques 
were applied. The dataset was divided into 
training and testing subsets using a stratified 
80/20 split, to preserve the class proportions 
in both partitions and to ensure a fair evalua-
tion of the classification models. All experi-
ments were implemented in Python using 
scikit-learn. The TF-IDF vectorizer used low-
ercase normalization, unigram or unigram-bi-
gram features depending on the experiment, 
and a fixed maximum vocabulary size of 
5,000 features. The Logistic Regression and 
Linear SVM classifiers were trained using the 
same training partition for all configurations. 

Three experimental settings were considered. 
The first experiment corresponds to a baseline 
model based on simple surface features ex-
tracted from the review text. These features 
capture general structural properties, such as 
text length, punctuation-related information, 
and other basic stylistic indicators. The base-
line classifier was implemented using Logistic 
Regression and was intended to provide a ref-
erence point for evaluating the contribution of 
richer lexical representations. 
The second experiment uses a TF-IDF repre-
sentation computed over unigrams and bi-
grams, combined with a Logistic Regression 
classifier. This experiment was introduced in 
order to evaluate the effect of lexical infor-
mation independently of the final model 
choice and to measure the improvement ob-
tained when moving from surface-level fea-
tures to a sparse term-based representation. 
The third experiment corresponds to the main 
configuration of the proposed framework. In 
this case, the same TF-IDF representation was 
used together with a linear Support Vector 
Machine classifier. This model was selected 
as the main classifier due to its suitability for 
high-dimensional sparse data and its strong 
performance in text classification tasks. 
The evaluated models were assessed using 
standard classification metrics, namely accu-
racy, precision, recall, and F1-score [25]. In 
addition, the confusion matrix of the best-per-
forming model was analyzed to examine the 
distribution of correct and incorrect predic-
tions across the two classes. In addition to the 
three main experimental settings, a supple-
mentary sensitivity analysis was performed in 
order to examine the effect of the TF-IDF n-
gram configuration, by comparing unigram-
only and unigram–bigram representations for 
the lexical models. 
5.2 Results 
The classification results obtained for the 
three experiments are summarized in Table 4.

 
Table 4. Classification performance of the evaluated models 

Configuration Accuracy Precision Recall F1-score 
LR + surface features 0.811 0.805 0.807 0.805 
LR + TF-IDF 0.953 0.948 0.964 0.955 
SVM + TF-IDF 0.979 0.985 0.973 0.978 
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The baseline model reached an accuracy of 
0.811, indicating that simple structural fea-
tures already contain discriminative infor-
mation for separating real and AI-generated 
reviews. A clear increase in performance was 
observed after introducing lexical information 
through the TF-IDF representation. In this set-
ting, Logistic Regression achieved an accu-
racy of 0.953, showing that term-based fea-
tures provide a substantially stronger repre-
sentation than surface-level descriptors alone. 
The highest performance was obtained with 
the linear SVM classifier applied to the same 
TF-IDF feature space. In this configuration, 
the model reached an accuracy of 0.979, with 
similarly high values for precision, recall, and 
F1-score. The limited difference between the 
second and third experiments suggests that the 
main contribution to performance is provided 
by the lexical representation, while the choice 
of classifier yields a smaller gain. 
The confusion matrix associated with the best-
performing model is presented in Fig. 2. It in-
dicates that most reviews were assigned to the 
correct class, while the number of misclassifi-
cations remained low for both real and AI-
generated samples. A more detailed interpre-
tation of the linguistic patterns captured by the 
model is provided in Section 6. 

 
Fig. 2. Confusion matrix for the TF-IDF + 

Linear SVM model 
 
5.3 Error Analysis 
The error patterns summarized in Table 5 in-
dicate that the remaining classification errors 
are not random, but are concentrated in cases 
where the lexical profile of the two classes 
partially overlaps. In particular, false positives 
tend to occur when authentic reviews contain 
generic positive language, broad evaluative 
expressions, or balanced formulations similar 
to those observed in generated content. Such 
cases suggest that some real reviews naturally 
exhibit stylistic patterns that resemble the reg-
ularized phrasing learned by the model from 
the AI-generated class.

 
Table 5. Error patterns observed in misclassified reviews 

Review type True 
label 

Predicted 
label Possible explanation 

Real review with generic positive 
tone Real AI resembles templated evaluative 

language 
AI-generated review with natural 
phrasing AI Real lacks strong lexical regularities 

Real review with balanced style Real AI contains mild contrast markers 
similar to generated text 

 
False negatives appear when AI-generated re-
views are expressed in a more concise and less 
formulaic manner, without the stronger lexical 
regularities that typically characterize gener-
ated text. This behavior indicates that the pro-
posed approach is highly effective, but re-
mains sensitive to borderline examples in 
which the stylistic distinction between authen-
tic and generated reviews is attenuated. Over-
all, the error pattern is consistent with the 

explainability analysis presented in Section 6, 
which showed that the classification is driven 
primarily by lexical and stylistic regularities 
rather than by product-specific semantic con-
tent. 
 
5.4 Ablation Study on N-gram Configura-
tion 
In order to further examine the contribution of 
short contextual information to the detection 
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task, an additional sensitivity analysis was 
conducted on the lexical models. More specif-
ically, the TF-IDF representation based on 
unigrams and bigrams was compared against 
a unigram-only configuration for both 

Logistic Regression and linear SVM. The pur-
pose of this analysis was to evaluate whether 
the inclusion of bigrams provides a measura-
ble improvement beyond single-term lexical 
cues.

 
Table 6. Effect of n-gram configuration on lexical model performance 

Model TF-IDF features Accuracy Precision Recall F1-score 
Logistic  
Regression Unigrams 0.935 0.925 0.945 0.935 

Logistic 
Regression 

Unigrams +  
Bigrams 0.953 0.948 0.964 0.955 

Linear SVM Unigrams 0.958 0.943 0.964 0.953 

Linear SVM Unigrams +  
Bigrams 0.979 0.985 0.973 0.978 

 
The results presented in Table 6 show that the 
inclusion of bigrams leads to a consistent im-
provement for both lexical classifiers. For Lo-
gistic Regression, the unigram–bigram con-
figuration improves the accuracy from 0.935 
to 0.953 and the F1-score from 0.935 to 0.955. 
A similar effect can be observed for the linear 
SVM model, where the accuracy increases 
from 0.958 to 0.979 and the F1-score from 
0.953 to 0.978. These results indicate that 
short multi-word patterns provide additional 
discriminative information beyond isolated 
lexical terms. 
The observed gain is consistent with the na-
ture of the task. AI-generated reviews often 
contain recurrent short expressions and stand-
ardized evaluative phrases that are only par-
tially captured at unigram level. By incorpo-
rating bigrams, the TF-IDF representation be-
comes more sensitive to such local contextual 
patterns, which contributes to the improved 
separation between authentic and generated 
reviews. This finding further supports the use 
of the unigram–bigram configuration in the fi-
nal experimental setting. 
 
6 Explainability Analysis 
The classification results indicate that the pro-
posed framework is effective in distinguishing 
between real and AI-generated reviews. How-
ever, predictive performance alone does not 
explain which linguistic patterns drive the 
model decisions. This aspect is particularly 
relevant in the context of AI-generated fake 

review detection, where the distinction be-
tween manipulated and authentic content may 
depend on subtle lexical regularities rather 
than on obvious semantic cues [8], [17]. For 
this reason, an additional explainability anal-
ysis was conducted in order to identify the fea-
tures that contribute most strongly to the clas-
sification process. The analysis was per-
formed using SHAP, a model-agnostic expla-
nation framework that quantifies the contribu-
tion of individual features to a given predic-
tion [10]. The relevance of such an approach 
is also supported by recent work on explaina-
ble fake review detection and explainable e-
commerce review analytics, which empha-
sizes that transparent model behavior is essen-
tial for understanding the mechanisms under-
lying manipulated textual content [9], [18]. In 
the present study, SHAP was applied to the 
linear SVM model trained on TF-IDF fea-
tures, corresponding to the best-performing 
configuration of the proposed framework 
[10]. 
Figure 3 presents the SHAP summary plot ob-
tained for the linear SVM model trained on 
TF-IDF features. Positive SHAP values indi-
cate features that increase the probability of 
the AI-generated class, whereas negative val-
ues correspond to features more strongly as-
sociated with authentic reviews. The plot 
shows that the classification is influenced 
mainly by a limited subset of lexical features, 
including little, really, product, wish, bit, rec-
ommend, great, and definitely. These results 
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suggest that the model captures recurring lex-
ical and stylistic regularities rather than prod-
uct-specific semantic content. The presence of 
general evaluative expressions and mild 

balancing markers further indicates that gen-
erated reviews tend to follow more uniform 
and predictable patterns. 

 
Fig. 3. SHAP summary plot for the TF-IDF + Linear SVM model 

 
The feature distribution shown in Figure 3 
suggests that the classification is influenced 
mainly by recurrent lexical regularities rather 
than by product-specific semantic content. 
Positive evaluative terms such as recommend, 
great, happy, and easy are among the most rel-
evant indicators of the AI-generated class, 
while terms such as little, bit, and wish con-
tribute positively when they occur, pointing to 
the presence of mild balancing or attenuating 
constructions. These findings indicate that 
generated reviews tend to follow more uni-
form and predictable phrasing patterns. In this 
sense, the explainability analysis comple-
ments the quantitative results by showing that 
the learned separation between the two classes 
is associated primarily with differences in sty-
listic consistency and lexical formulation. 
The SHAP distribution also provides a more 
detailed view of how individual features influ-
ence the decision function across different 

samples [10], [26]. Features placed higher in 
the plot have a stronger average impact on the 
model output, while the horizontal spread re-
flects the variation of their contribution across 
the dataset. In addition, the color gradient in-
dicates the feature value, making it possible to 
distinguish between the effect of feature pres-
ence and the effect of feature absence. This as-
pect is particularly relevant in the present 
study, since some terms become strongly dis-
criminative only when they occur in the re-
view, whereas their absence has little or no 
contribution to the final prediction. 
Figure 4 provides a local explanation of the 
decision for a single review classified as AI-
generated. The waterfall plot shows that the 
final prediction is determined by the cumula-
tive contribution of several positively 
weighted lexical features, among which bit, 
little, product, sure, and recommend have the 
strongest effect.
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Fig. 4. SHAP waterfall plot for a representative review classified as AI-generated 

 
A smaller number of terms, such as smells, 
contribute in the opposite direction, but their 
influence is insufficient to alter the final deci-
sion. This example is consistent with the 
global SHAP analysis and further suggests 
that the classifier relies mainly on short lexical 
and stylistic cues characteristic of generated 
reviews. 
From a practical perspective, the explainabil-
ity analysis is useful not only for interpreting 
the current classifier, but also for assessing the 
robustness of the overall detection framework. 
By identifying the lexical cues that contribute 
most strongly to the AI-generated class, the 
analysis helps determine whether the model 
relies on plausible stylistic regularities or on 
accidental artifacts of the dataset. In the pre-
sent case, the most influential features are 
consistent with the observed properties of 
generated reviews, namely generic positive 
evaluations, mild balancing constructions, and 
relatively standardized phrasing. At the same 
time, these explanations remain specific to the 
current dataset and feature representation and 
therefore should not be interpreted as 

universal markers of AI-generated reviews in 
all e-commerce settings. 
These observations provide a useful basis for 
discussing both the strengths and the limita-
tions of the proposed framework, as presented 
in the next section. 
 
7 Discussion and Limitations 
The results obtained in this study indicate that 
the proposed framework is effective for dis-
tinguishing between authentic and AI-gener-
ated product reviews. A first relevant observa-
tion is that the largest performance increase is 
associated with the transition from surface-
level descriptors to lexical TF-IDF features, 
rather than with the choice of classifier alone. 
While the baseline model based on surface 
features already achieved a reasonable level of 
performance, the introduction of TF-IDF led 
to a substantial improvement, and the linear 
SVM model further refined this result. This 
pattern suggests that the main source of dis-
criminative information lies in the lexical rep-
resentation of the reviews, whereas the classi-
fier contributes an additional but 
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comparatively smaller gain. 
The supplementary analyses provide further 
support for this interpretation. The error anal-
ysis showed that the remaining misclassifica-
tions are concentrated in borderline cases 
where the stylistic profile of the two classes 
overlaps, rather than in cases of complete 
model failure. Authentic reviews may be clas-
sified as AI-generated when they contain 
broad evaluative language or balanced formu-
lations similar to those found in generated 
content, while generated reviews may be clas-
sified as authentic when they are shorter, less 
formulaic, or stylistically closer to natural 
user feedback. In the same direction, the abla-
tion study on the n-gram configuration 
showed that the inclusion of bigrams im-
proves both lexical models, indicating that the 
detection task benefits not only from isolated 
terms, but also from short contextual patterns 
and recurrent multi-word expressions. 
The explainability analysis is consistent with 
these observations. The SHAP summary plot 
suggests that the model relies primarily on 
lexical and stylistic regularities rather than on 
product-specific semantic content. Features 
such as recommend, great, happy, and easy 
are associated with a generalized evaluative 
style, while terms such as little, bit, and wish 
become informative when they occur in atten-
uating or balancing constructions. This behav-
ior is plausible in the context of AI-generated 
reviews, which are often designed to sound 
coherent, moderately nuanced, and broadly 
positive. At the same time, the explanations 
indicate that the classifier separates the two 
classes mainly through patterns of wording 
and phrasing, not through deeper contextual 
understanding. 
Several limitations should nevertheless be 
acknowledged. First, the AI-generated portion 
of the dataset was produced using a single 
large language model, namely the Gemma 2B, 
under a relatively controlled prompting strat-
egy. As a result, the learned patterns may 
partly reflect the stylistic tendencies of this 
specific generator and prompting setup, rather 
than universal properties of machine-gener-
ated reviews. Second, the authentic reviews 
were collected from a single large-scale e-

commerce source, which limits the diversity 
of writing styles, product categories, and plat-
form-specific conventions represented in the 
real class. Third, the task was formulated as a 
binary classification problem, although prac-
tical review moderation systems may require 
more complex distinctions, including human-
written deceptive reviews, post-edited AI con-
tent, or reviews generated by multiple model 
families. 
The proposed methodology also has limita-
tions at representation level. Although TF-
IDF and linear SVM provide strong perfor-
mance and remain attractive due to their sim-
plicity, reproducibility, and low computa-
tional cost, they operate primarily in a sparse 
lexical space and do not explicitly model 
longer-range semantic dependencies. Conse-
quently, the approach may be less robust in 
situations where generated reviews are heav-
ily paraphrased, deliberately simplified, or 
manually revised to reduce their stylistic reg-
ularity. In addition, the SHAP explanations re-
main specific to the present dataset and mod-
eling configuration. The highlighted terms 
should therefore be interpreted as informative 
cues for the current corpus, rather than as sta-
ble markers of AI-generated reviews across all 
e-commerce settings. 
Despite these limitations, the proposed frame-
work has practical value. Its performance, rel-
ative simplicity, and interpretability make it 
suitable for use as a first-stage screening 
mechanism in e-commerce environments, 
where suspicious reviews could be automati-
cally flagged for further inspection. In such a 
setting, the model would not replace human 
moderation, but could provide a transparent 
and computationally efficient decision-sup-
port component. Future work may extend this 
study by incorporating multiple text genera-
tors, more diverse sources of authentic re-
views, multilingual data, and additional model 
families, in order to evaluate the robustness of 
the observed patterns under broader and more 
realistic conditions. 
 
8 Conclusion 
This paper investigated the problem of detect-
ing AI-generated product reviews in e-
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commerce environments using classical ma-
chine learning techniques. A binary classifica-
tion framework was developed by combining 
authentic user reviews with content generated 
using a large language model, followed by a 
preprocessing stage designed to reduce noise 
and standardize the textual input. Three exper-
imental configurations were evaluated, in-
cluding a baseline based on surface features 
and two lexical models based on TF-IDF rep-
resentations. The results showed that the pro-
posed approach achieves strong classification 
performance, with the best results obtained for 
the linear SVM model applied to unigram–bi-
gram TF-IDF features. 
Beyond predictive accuracy, the study also 
examined the linguistic patterns underlying 
the classification process through SHAP-
based explainability analysis. The obtained 
explanations suggest that the distinction be-
tween authentic and generated reviews is 
driven mainly by lexical and stylistic regular-
ities, including generic evaluative expres-
sions, mild balancing constructions, and rela-
tively standardized phrasing. These findings 
indicate that classical text classification mod-
els remain effective for this task when com-
bined with suitable lexical representations, 
while also offering the advantage of transpar-
ency and reproducibility. 
At the same time, the conclusions of the study 
should be interpreted in relation to the scope 
of the dataset and the specific generation setup 
used for the artificial reviews. Future work 
may extend the present framework by consid-
ering multiple text generators, more diverse 
sources of authentic reviews, multilingual cor-
pora, and more challenging settings involving 
post-edited or mixed-origin content. Such ex-
tensions would provide a broader evaluation 
of the robustness and generalizability of the 
proposed approach. 
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