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sentiment polarity from such data; however, Persian sentiment
analysis remains underexplored, particularly in real-world e-
commerce contexts. In addition, class imbalance in sentiment datasets
poses a major challenge, often leading to biased models that
underperform on minority classes. In this study, we investigate
Persian e-commerce sentiment analysis by comparing classical
machine learning models, including Logistic Regression and SVM,
with  transformer-based models, namely ParsBERT and
ParsRoBERTa. To mitigate the impact of class imbalance, we
investigate Focal Loss against the standard Cross-Entropy Loss.
Furthermore, we employ Integrated Gradients within an Explainable
Artificial Intelligence (XAI) framework to improve model
interpretability and analyze feature contributions. Experimental
results on the Digikala dataset demonstrate that ParsBERT trained
with Focal Loss achieves the best performance, reaching a Balanced
Accuracy of 88.64% and an AUC-ROC of 95.91%. The findings
highlight the effectiveness of combining imbalance-aware loss

functions with transformer-based architectures for improving
minority class detection in Persian sentiment analysis.

1. Introduction

In recent years, e-commerce has emerged as one of
the fastest-growing industries worldwide, driven
by the rapid expansion of online platforms, digital
marketplaces, and social media [1]. As a result, an
enormous volume of user-generated content is
continuously produced, through which customers
share their opinions and experiences regarding
products and services [2]. These online reviews
play a crucial role in shaping consumer purchasing
decisions, as potential buyers increasingly rely on
the experiences of others before making informed
choices [3]. Previous studies have also shown that
even subtle variations in sentiment expression can
significantly influence customer behavior [4].
Therefore, analyzing such textual data is not only
valuable for consumers but also essential for

businesses seeking to improve product quality,
enhance service delivery, and strengthen customer
satisfaction [5]. In this context, sentiment analysis,
as a fundamental task in natural language
processing (NLP), provides an effective approach
for automatically extracting sentiment polarity
from large-scale textual data. Its applications span
various domains, including marketing, customer
relationship management, and consumer behavior
analysis, particularly in e-commerce environments
where understanding customer feedback is critical
for decision-making. Despite these advancements,
most existing research in sentiment analysis has
primarily focused on high-resource languages such
as English, while low-resource languages like
Persian remain comparatively underexplored [6].
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This limitation is more pronounced due to
linguistic complexity, the limited availability of
annotated  resources, and domain-specific
challenges associated with Persian text processing.
Consequently, the development of robust sentiment
analysis models tailored specifically to Persian
remains an important and open research problem.
In addition to language-related limitations, real-
world e-commerce datasets are often highly
imbalanced, with positive reviews significantly
outnumbering negative ones [7]. Such imbalance
can bias learning algorithms toward the majority
class, reducing their effectiveness in detecting
minority-class instances, particularly negative or
critical opinions. Moreover, many existing studies
rely heavily on overall accuracy, which is not
sufficient for evaluating performance in
imbalanced scenarios. Therefore, the use of more
appropriate evaluation metrics is essential for
obtaining a reliable and unbiased assessment of
model performance [8]. Furthermore, although
recent advances in deep learning and transformer-
based models have significantly improved
sentiment classification performance, these models
are often considered black-box systems, as their
internal decision-making processes are difficult to
interpret [9]. This lack of transparency limits their
applicability in real-world business environments,
where interpretability and trust are essential. To
address this issue, an Explainable Artificial

Intelligence (XAI) method has been developed to

provide insights into model behavior and highlight

the most influential features contributing to model

predictions [10].

Motivated by these challenges, this study aims to

improve minority class detection in Persian

sentiment analysis under imbalanced e-commerce
data conditions. Specifically, it focuses on
addressing data imbalance through an effective
learning strategy while ensuring a reliable and
comprehensive evaluation using appropriate
metrics. In addition, an XAl technique is employed
to enhance model interpretability and analyze the
contribution of input features to model predictions.

The main contributions of this study are

summarized as follows:

e A unified comparative analysis of classical
machine learning models and transformer-
based models under consistent experimental
settings.

e A systematic investigation of Focal Loss
versus Cross-Entropy Loss, demonstrating its
effectiveness in improving minority class
detection.

e An Integrated Gradients-based analysis to
investigate how different loss functions
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influence model and feature
attribution.

The remainder of this paper is organized as

follows. Section 2 reviews related works. Section 3

presents the proposed methodology. Section 4

discusses the experimental results and analysis.

Finally, Section 5 concludes the study and outlines

potential directions for future research.

predictions

2. Related Works

Sentiment analysis in the e-commerce domain has
become one of the most important applications of
NLP, attracting significant attention from both
academia and industry in recent years. With the
rapid growth of user-generated content on online
platforms, the demand for accurate and automated
sentiment classification systems has increased
substantially. Existing research has explored this
problem from multiple perspectives, ranging from
traditional machine learning approaches to deep
learning architectures, transformer-based models,
and XAI techniques.

In traditional machine learning approaches,
algorithms such as Logistic Regression, SVM, and
Random Forests have been widely used for
sentiment classification tasks. For example, Akter
et al. [11] evaluated several models, including
Logistic Regression, Random Forest, SVM,
LSTM, and BERT, on customer review datasets.
Their results showed that BERT achieved the
highest performance with an accuracy of 94.20%
and an AUC-ROC of 97%, confirming the
effectiveness of transformer-based models in
capturing contextual semantic relationships.
Similarly, Singh et al. [12] proposed a sentiment
classification framework for Kindle Store book
reviews and addressed class imbalance using
undersampling  techniques.  Although their
approach improved the performance of classical
models, it also led to the loss of potentially
informative samples. With the advancement of
deep learning, particularly transformer-based
architectures, sentiment analysis performance has
improved significantly. Taneja et al. [13] applied
DistilBERT to classify reviews in the online
fashion domain, achieving an accuracy of 96% and
an Fl-score of 79%. Their study highlighted that,
while traditional models such as Bi-LSTM were
trained using both  oversampling and
undersampling  techniques, transformer-based
models were not explicitly optimized for class
imbalance. In another study, Harunasir et al. [14]
compared several models, including Multinomial
Naive Bayes, Random Forest, LSTM, and CNN,
for identifying dissatisfied reviews in Amazon
datasets, reporting that LSTM achieved the best
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performance with 97% accuracy.

Sentiment analysis in low-resource languages such
as Persian and Dari presents additional challenges
due to limited linguistic resources and higher
structural complexity. Muradi et al. [15]
investigated emotion detection in Dari using the
ArmanEmo dataset and compared mBERT and
ParsBERT models. Their results showed that
ParsBERT outperformed mBERT, achieving
86.4% accuracy compared to 81.2%, and data
augmentation was used to partially address class
imbalance. Similarly, Ariai et al. [16] proposed an
aspect-based sentiment analysis model for Digikala
reviews based on ParsBERT with lexical
enhancements, achieving an accuracy of 88.2% and
an Fl-score of 61.7%. In a large-scale study,
Shumaly et al. [17] collected over three million
Digikala reviews and applied FastText embeddings
combined with CNN architectures, achieving an
AUC-ROC of 99.6% and an F1-score of 95.6%,
demonstrating the effectiveness of embedding-
based deep learning methods in sentiment
classification tasks.

Beyond studies specifically focusing on Persian
sentiment analysis, recent advances in Persian NLP
have been marked by the emergence of
increasingly sophisticated monolingual
transformer variants and specialized pre-training
strategies tailored to the linguistic characteristics of
Persian. These efforts aim to better capture the
linguistic diversity of Persian, including informal
language, domain-specific vocabulary, and its rich
morphological characteristics [18]. For instance,
FaBERT was introduced to explicitly capture the
nuances of informal and colloquial Persian by pre-
training on large-scale web and blog corpora,
demonstrating improved performance in social
media sentiment analysis and irony detection [19].
More recently, Tiny-ParsBERT was proposed as a
lightweight transformer architecture specifically
designed for efficient Persian sentiment analysis.
By reducing the number of transformer layers and
incorporating adversarial training, the model
substantially decreases computational complexity
while maintaining high predictive performance
[20]. Furthermore, recent advancements have
introduced scaled encoder models such as Tooka-
SBERT, which utilizes modern pre-training
techniques and specialized tokenizers to achieve
improved performance over previous Persian
transformer models across multiple Persian natural

language  understanding  benchmarks  [21].
Concurrently, the field has expanded into
generative architectures through models like

PersianMind, which adapts foundational large
language model frameworks to Persian-specific
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instruction tuning and complex bilingual reasoning
tasks by expanding token vocabularies [22]. Such
generative trends are further exemplified by recent
native frameworks such as FarsEval-PKBETS,
which have been evaluated on specialized Persian
benchmarks to improve cultural and linguistic
alignment [23]. Collectively, these recent
developments highlight the rapid evolution of
Persian-specific transformer architectures and pre-
training strategies, providing a stronger foundation
for downstream NLP applications, including
sentiment analysis, text classification, and domain-
specific language understanding.

In addition to performance improvements, the
interpretability of sentiment analysis models has
become an increasingly important research
direction. Muradi et al. [15] applied both LIME and
SHAP to interpret ParsBERT predictions in Persian
sentiment classification and identified key
influential words affecting model decisions. Jahan
et al. [24] extended BERT-based models for
multilingual sentiment analysis and used LIME to
improve interpretability, achieving an overall
accuracy of 92%. Similarly, Jahin et al. [25]
applied LIME and SHAP to explain transformer-
based sentiment classification, while Krawczyk et
al. [26] reported that Bi-LSTM achieved strong
performance with an AUC-ROC of 98.20% and an
accuracy of 93.53%, highlighting the importance of
incorporating XAl techniques into deep learning-
based sentiment analysis systems.

Despite these advancements, several research gaps
remain. First, although  Persian-specific
transformer architectures have demonstrated
strong performance, their behavior under class-
imbalanced conditions has not been extensively
studied. Most existing works rely on data-level
techniques such as undersampling, oversampling,
or data augmentation, while limited attention has
been given to loss-function-based approaches
tailored for imbalanced learning. Second, Focal
Loss, which emphasizes the learning process on
hard-to-classify examples while down-weighting
easy samples, has rarely been explored in Persian
sentiment analysis tasks, despite its potential to
improve minority class detection. Third, although
XAI techniques such as LIME and SHAP are
commonly used, more advanced methods such as
Integrated Gradients remain underexplored in the
context of Persian NLP.

To address these limitations, this study investigates
the impact of Focal Loss on transformer-based
sentiment analysis models for Persian e-commerce
reviews. Additionally, Integrated Gradients is
employed to provide deeper interpretability of
model predictions and to analyze the effect of
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different loss functions on model behavior. By
combining imbalance-aware learning strategies
with an XAl technique, this work aims to improve
both the performance and interpretability of
sentiment analysis systems in low-resource
language settings.

3. Methodology

In this study, we propose a systematic framework
for sentiment analysis of user reviews in the e-
commerce domain. The overall architecture of the
proposed framework is illustrated in Figure 1 and
consists of five main stages: data collection,
preprocessing, modeling, training, and evaluation.
XA is integrated into the framework to analyze
model behavior and enhance the interpretability of
predictions.

Data Collection: Digikala Dataset
'

Data Preprocessing

!

Data Splitting

}

Framework l

—

Classical ML Transformer Models

v !

Training Models
* Cross-Entropy Loss
+ Focal Loss

S

Training Models
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Evaluation Metrics

Imbalance-Aware Analysis

v

Explainable AT

Figure 1. Overview of the proposed framework for
sentiment analysis of Persian e-commerce reviews.

Data Collection

The dataset used in this study is SentiPers,
developed by Hooshvare Lab and publicly
available for research purposes [27]. SentiPers is a
benchmark dataset for Persian sentiment analysis
containing approximately 15,500 user reviews
extracted from the Digikala platform. The dataset
covers multiple product categories, including
electronics, mobile phones, and accessories.
Reviews are annotated using a five-point Likert
scale, where labels 2 and 1 represent very positive
and positive sentiments; 0 indicates neutral
sentiment, and -1 and -2 correspond to negative and
very negative sentiments, respectively.

3.1. Data Preprocessing

Since the dataset is already cleaned and manually
annotated, no aggressive preprocessing steps such
as stemming, lemmatization, or stopword removal
were applied. This decision was made to preserve
the original semantic and syntactic structure of
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user-generated reviews, ensuring that models learn
from realistic textual patterns.

For this study, the sentiment classification task was
reformulated as a binary problem. Specifically,
neutral samples (label 0) were removed, while
positive labels (1 and 2) were merged into a single
positive class and negative labels (-1 and -2) into a
single negative class.

To ensure robust evaluation, the dataset was split
into training (70%), validation (15%), and test
(15%) sets using stratified sampling. This approach
preserves the original class distribution across all
subsets and reduces potential sampling bias. The
final dataset exhibits a noticeable class imbalance,
with the positive class containing 7,959 samples
and the negative class containing 1,786 samples, as
illustrated in Figure 2. This imbalance motivates
the use of appropriate evaluation metrics and loss

considerations.
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Figure 2. Distribution of samples across positive and
negative classes in the binary sentiment classification
task, highlighting the inherent class imbalance.

Models and Experimental Setup

The proposed framework evaluates two categories
of models: classical machine learning models and
transformer-based architectures.

3.1.1. Classical Models

Logistic Regression and SVM are employed as
baseline models due to their established
performance in text classification tasks and
computational efficiency. Text representations are
constructed using TF-IDF with unigrams and
bigrams to capture both local and contextual lexical
features. To mitigate the effects of class imbalance,
balanced class weighting is incorporated into both
models, assigning greater importance to
misclassification errors associated with the
minority class. Hyperparameter optimization is
performed using GridSearchCV on the validation
set. The optimal regularization strengths are
determined based on the Macro F1-score, with the
LR and SVM models achieving their best
performance at regularization values of 10 and 0.5,
respectively.
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3.1.2. Transformer-Based Models
Transformer-based architectures have become the
dominant paradigm in NLP due to their ability to
capture contextual dependencies using the self-
attention mechanism. Unlike sequential models
such as RNNs, transformers process tokens in
parallel and dynamically assign importance
weights to words in a sequence [28]. The attention
mechanism is defined as:

Attention(Q,K,V) = soft max[QK )

T
V

7
where O,K and V' represent query, key, and
value matrices, and d, denotes the dimensionality

of the key vectors. This mechanism enables the
model to learn contextual relationships by
assigning higher weights to more relevant tokens.
Among transformer-based models, BERT
(Bidirectional Encoder Representations from
Transformers) introduces a bidirectional training
strategy that considers both left and right context
simultaneously [29] RoBERTa further improves
upon BERT by optimizing pretraining procedures,
removing the Next Sentence Prediction objective,
and using larger training corpora and batch sizes,
leading to improved performance across NLP tasks
[30] For Persian language modeling, ParsBERT
and ParsRoBERTa are employed. These models
are adaptations of BERT and RoBERTa,
respectively, and are pre-trained on large-scale
Persian corpora to better capture linguistic
characteristics specific to the Persian language
[31]. Both models are fine-tuned on the target
dataset under identical training conditions to ensure
a fair comparison. Training is performed using the
AdamW optimizer with weight decay for improved
generalization. A learning rate warm-up strategy is
applied at the beginning of training, followed by
gradual decay. Early stopping is used with a
patience of 2 epochs based on validation Macro F1-
score to prevent overfitting. The best-performing
model weights are restored during training. The
hyperparameter settings employed throughout all
transformer-based experiments are summarized in
Table 1.

Table 1. Hyperparameter settings for transformer-based
models used in this study.

Parameter ParsBERT ParsRoBERTa
Learning Rate le-5 3e-5
Batch Size 16 16
Epoch 5 10
Patience 2 2
Max Length 128 128
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Loss Functions

To address class imbalance, this study investigates
Focal Loss as the primary learning objective. Focal
Loss is designed to reduce the contribution of well-
classified samples while focusing training on hard-
to-classify instances, thereby improving learning
on minority classes [32]. For comparison, Cross-
Entropy Loss is used as a baseline. Cross-Entropy
Loss treats all samples equally and measures the
divergence between predicted probabilities and
true labels [33], defined as:

N
Loy ==Y y,1og(p,) @)
i=1

where y, is the true label and p, is the predicted
probability.
Focal Loss introduces a modulation factor to down-

weight easy examples and focus on hard ones,
defined as:

Ly = _a(l_Pt )7 log(pt)

where p, is the predicted probability of the true

3)

class, a is a balancing factor, and ¥ controls the
focusing strength. In this study, y is set to 2 and
«a is determined based on the class distribution.

3.5. Evaluation Metrics

To evaluate model performance under -class
imbalance conditions, Balanced Accuracy, Macro
Fl-score, and AUC-ROC are used as primary
metrics. In addition, Accuracy, Precision, Recall
and F1-score are reported for completeness.
Balanced accuracy is defined as the average recall
across all classes, making it suitable for imbalanced
datasets:

N
Balanced Accuracy = %ZRe call, 4)
i=l1
Macro  Fl-score computes the Fl-score
independently for each class and averages them
equally.

N
MacroFlziZFli 5
N i=1

3.6. Explainable Artificial Intelligence Using
Integrated Gradients

To interpret model predictions and analyze the
impact of Focal Loss on classification behavior, the
Integrated Gradients (IG) method is used [34]. IG
attributes predictions to input features by
integrating gradients along a path from a baseline
input to the actual input. Formally, Integrated
Gradients is defined as:
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1 Eﬂf(x' +a(x—x'))
ox,

1

da (0

IG(x)z(x,. —x;)xj‘

a=0

where x is the input, x is the baseline, f (x) is

the model output, and « is the interpolation factor.
The method is implemented using the Captum
library, and 50 interpolation steps are used for
numerical approximation. Results are visualized as
token-level heatmaps, where:

¢ Green indicates positive contribution,

¢ Red indicates negative contribution,

e White indicates negligible contribution.

4. Experiments and Results
The experimental results indicate that all evaluated
models achieve strong overall performance, with

Accuracy consistently exceeding 89% across all
experimental settings. However, given the
pronounced class imbalance in the dataset,
Accuracy alone is not a reliable evaluation metric.
Therefore, more robust measures, including
Balanced Accuracy, Macro Fl-score, and AUC-
ROC, are reported in Table 2 to provide a more
comprehensive assessment. As shown in Table 2,
classical machine learning models provide
competitive baseline performance. In particular,
SVM  consistently  outperforms  Logistic
Regression. SVM achieves a Balanced Accuracy of
82.64% and an AUC-ROC of 93.45%, indicating
its stronger generalization capability compared
with Logistic Regression.

Table 2. Comparison of proposed model performance across evaluation metrics.

Models Class  Precision Recall Fl-score  Accuracy Balanced Macro F1- AUC-ROC
Accuracy score
LR P 92.55 94.64 93.58 89.40 80.34 81.56 92.64
N 73.44 66.04 69.55
SVM P 93.53 94.47 94 90.15 82.64 83.26 93.45
N 74.22 70.90 72.52
ParsRoBERTa + CE P 93 96 95 91 82.88 84.51 94.21
N 80 70 74
ParsRoBERTa + FL P 94 95 95 91 83.95 84.70 94.39
N 77 73 75
ParsBERT + CE P 95 95 95 92 86.40 86.24 95.73
N 77 78 78
ParsBERT + FL P 97 91 94 90 88.64 85.32 95.91
N 69 86 77
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Figure 3. Confusion Matrices for (left to right) Logistic Regression, ParsBERT trained with Cross-Entropy Loss, and
ParsBERT trained with Focal Loss, illustrating differences in classification performance and minority class detection.

In contrast, transformer-based models significantly
outperform classical approaches. Among them,
ParsBERT demonstrates the best overall
performance under both loss settings. When trained
with Cross-Entropy Loss, ParsBERT achieves a
Balanced Accuracy of 86.40% and an AUC-ROC
of 95.73%. Replacing Cross-Entropy Loss with
Focal Loss further improves performance,
increasing Balanced Accuracy to 88.64% and
AUC-ROC to 95.91%. These results confirm the
effectiveness of Focal Loss in improving
sensitivity toward minority-class samples under
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imbalanced conditions. To further investigate the
effect of the focusing parameter in Focal Loss, a
sensitivity analysis was conducted using the best-
performing model. Since y controls the degree to
which the loss function emphasizes hard-to-
classify samples, its value can substantially
influence classification = performance on
imbalanced datasets. To isolate the effect of this
hyperparameter, all experimental settings,
including the dataset, data split, optimizer, learning
rate, batch size, and training configuration, were
kept identical, while only the value of the focusing
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parameter was varied from O to 3. The results are
summarized in Table 3.

Table 3. Sensitivity analysis of the focusing parameter
( 7 ) for ParsBERT with Focal Loss.

4 Accuracy Balanced Macro AUC- Reca.ll
Accuracy F1- ROC  (Negative)
score
0 88.71 86.87 83.01 94.44 83.96
1 88.71 86.58 82.93 94.58 83.21
2 90 88.64 85.32 95.91 86
3 88.37 86.66 82.60 93.97 83.96

As shown in Table 3, the model exhibits moderate
sensitivity to the focusing parameter. Although the
overall performance remains relatively stable
across the examined values, the setting of 2
consistently achieves the best results, yielding an
Accuracy of 90%, a Balanced Accuracy of 88.64%,
a Macro F1-score of 85.32%, and an AUC-ROC of
95.91%. In addition, this configuration achieves
the highest Recall for the minority class (86%),
indicating its superior ability to identify difficult
samples. Compared with the optimal setting,
smaller values place less emphasis on difficult
samples, whereas a larger value slightly degrades
overall performance across most evaluation
metrics. Overall, these findings indicate that a
focusing parameter value of 2 provides the most
suitable configuration for the dataset and
experimental settings considered in this study,
offering the best trade-off between minority-class
detection and overall classification performance.
Additional insights into the effect of Focal Loss can
be obtained from the confusion matrix analysis of
Logistic Regression and ParsBERT under different
loss functions, as illustrated in Figure 3. Logistic
Regression shows a relatively high number of
misclassified negative samples, indicating limited
sensitivity toward the minority class. In contrast,
ParsBERT trained with Focal Loss reduces the
number of negative reviews incorrectly classified
as positive, indicating improved minority-class
detection, demonstrating enhanced capability in
detecting negative reviews.

The observed improvement can be attributed to
Focal Loss, which reduces the contribution of
easily classified samples while emphasizing
difficult and misclassified instances. This
mechanism is particularly beneficial for the
imbalanced dataset, where negative reviews
represent the minority class. Combined with
ParsBERT’s contextual representations, Focal
Loss encourages the model to learn more
discriminative features for minority-class reviews.
The improvement in minority-class Recall and
Balanced Accuracy indicates a more balanced
classification behavior. Moreover, the high AUC-
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ROC suggests that improved minority-class
sensitivity does not substantially compromise
overall class discrimination.

Despite these improvements, a clear trade-off is
observed. While Focal Loss substantially enhances
Recall for the minority class, it slightly increases
misclassified positive reviews in the majority class.
Specifically, the Recall of the negative class
increases from 78% to 86% in ParsBERT,
indicating improved detection of hard-to-classify
samples. This behavior reflects a more
conservative decision boundary, where the model
prioritizes minority-class detection at the expense
of a slight reduction in precision. A detailed
inspection of confusion matrices further confirms
that Focal Loss reduces misclassified negative
reviews, while slightly increasing misclassified
positive reviews. This explains the improvement in
Balanced Accuracy, despite minor fluctuations in
Macro Fl-score. From a practical perspective, this
trade-off is desirable in e-commerce sentiment
analysis. In real-world applications, failing to
detect negative reviews may have a more severe
impact on decision-making and customer
satisfaction than incorrectly flagging positive
reviews. Therefore, models optimized with Focal
Loss are more suitable for deployment in
imbalance-sensitive environments. The overall
comparison of model performance across
evaluation metrics is further illustrated in Figure 4.

BN AUC-ROC
B Recall (Negative)

B Balanced Accuracy
F1-Macro

100
95
90 A
85 A
80 A

Score (%)

75 4
70 1
65

60 -

LR SVM PRoB PRoB PBERT PBERT

CE FL CE FL

Figure 4. Overall comparison of model performance
across key evaluation metrics. PRoB and PBERT
represent ParsRoBERTa and ParsBERT models,

respectively, while CE and FL refer to Cross-Entropy
Loss and Focal Loss, respectively.

Finally, the AUC-ROC curves, presented in Figure
5, provide an aggregate measure of class
separability  across  different classification
thresholds. A higher AUC-ROC indicates better
discrimination between positive and negative
classes. In this study, ParsBERT achieves the
highest AUC-ROC score, confirming its superior
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discriminative capability compared with both
classical and other transformer-based models.

ROC Curve Comparison - Digikala (Focused)
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Figure 5. ROC curve comparison of all models with
corresponding AUC scores

Overall, ParsBERT outperforms the best classical
baseline (SVM) by approximately 5.96 percentage
points in Balanced Accuracy and 2.46 percentage
points in AUC-ROC. This demonstrates the
superiority of contextual representation learning
over traditional TF-IDF-based feature engineering
in sentiment analysis tasks. Although transformer-
based models consistently achieve superior
classification performance, they generally require
substantially higher computational resources than
classical machine learning approaches. To quantify
this trade-off, we measured the training time, total
inference time, and average inference latency per
sample for all evaluated models under the same
experimental environment. The results are
summarized in Table 4.

Table 4. Computational cost comparison of the evaluated

models.
Trainin, Total 12‘;2?:;“
Model . 8 Inference y
Time (s) . per sample
Time (s)
(ms)
LR 1.34 0.124 0.085
SVM 0.59 0.068 0.046
P arSR"gERT“ + 714.48 9.386 6.420
P arSRO?ERT“ + 709.31 9.520 6.512
ParsBERT + CE 420.10 10.152 6.944
ParsBERT + FL 421.31 10.269 7.024

As expected, the classical models (LR and SVM)
exhibit considerably lower computational cost,
requiring less than 2 seconds for training and less
than 0.13 seconds for inference over the entire test
set. In contrast, transformer-based models require
substantially longer training and inference times
due to their larger model size and contextual
representation learning. However, the results
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indicate that incorporating Focal Loss introduces
only a negligible computational overhead
compared with the standard Cross-Entropy Loss.
For example, the training time of ParsBERT
increases only marginally from 420.10 s to 421.31
s, while the average inference latency changes from
6.944 ms to 7.024 ms per sample. Similar
observations can be made for ParsRoBERTa,
where the computational cost remains nearly
unchanged under both loss functions. These
findings demonstrate that the performance gains
obtained by Focal Loss introduce negligible
additional computational overhead relative to
Cross-Entropy Loss, making it a practical choice
for real-world Persian e-commerce sentiment
analysis.

Explainable Artificial Intelligence Analysis
Using Integrated Gradients

To further interpret the behavior of the ParsBERT
model and analyze the impact of Focal Loss on
decision-making, an XAl analysis was conducted
using Integrated Gradients. This analysis focuses
on understanding how the model’s attribution
pattern changes across different tokens under
Cross-Entropy Loss and Focal Loss settings. The
results of token-level attribution, along with
corresponding predictions, are summarized in
Table 5. The selected examples include correctly
classified negative samples as well as misclassified
cases introduced by Focal Loss, enabling a
comparative analysis of model behavior under
different loss functions. As shown in Table 5, clear
differences can be observed between Cross-
Entropy Loss and Focal Loss in terms of token
attribution and prediction behavior.

In the first review, which contains both positive
and sudden negative sentiment shifts, the model
trained with Cross-Entropy Loss mainly focuses on
early positive tokens such as “excellent,” and
“really,” resulting in an incorrect positive
prediction. In contrast, Focal Loss produces higher
attribution for sentiment-reversing expressions
such as “suddenly,” “turned off,” and “did not turn
on,” leading to correct classification of the negative
sentiment.

Similarly, in the second review, which contains
both positive descriptions and explicit product
issues, the model trained with Cross-Entropy Loss
is biased toward positive lexical cues such as “good
features.” However, Focal Loss assigns greater
importance to failure-related and contrastive
expressions such as “but,” “overheating,”
“drawback,” and “do not buy,” resulting in correct
negative  classification. The heatmap-based
visualization of these attribution patterns is shown
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in Figure 6, providing a direct comparison between
Cross-Entropy Loss and Focal Loss models.
Despite improved sensitivity to negative sentiment,
Focal Loss introduces certain error patterns. In one
case, a review explicitly indicating “no problems”
is misclassified as negative under Focal Loss due
to oversensitivity to negation-related structures. In
another case, strong positive sentiment is
incorrectly classified as negative due to
overemphasis on implicit contrast cues. These
findings indicate that Focal Loss modifies the
internal decision dynamics of ParsBERT by

shifting feature attribution from superficial positive
cues toward contextual and transition-based
tokens. While this improves detection of minority-
class samples, it may reduce robustness in
linguistically simple or strongly positive cases.
Overall, the results confirm that Focal Loss is an
effective strategy for handling class imbalance in
sentiment analysis. At the same time, the findings
highlight the importance of considering linguistic
phenomena such as negation and contrast when
designing loss-aware deep learning systems.
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Figure 6. Comparison of Integrated Gradients heatmaps for Cross-Entropy Loss (CE) and Focal Loss (FL) across four
representative test reviews. Each review is shown under both loss functions with its corresponding prediction and token-level
attributions. The first two negative reviews are correctly classified by FL but misclassified by CE, whereas the last two
positive reviews are correctly classified by CE but misclassified by FL.
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Table 5. Integrated Gradients-based explanation of selected review cases under Cross-Entropy Loss and Focal Loss with

ParsBERT model.
Review CE CE FL FL True
(Focused tokens) Prediction (Focused tokens) Prediction label
Persian: Persian: Positive Persian: Negative Negative
55 OEL Ll sl O bl 5 Jlo sl Wl Jle Ol A g ek b sals QLS
L gy s 5 A b el English: English:
English: excellent, really Suddenly, turned off, did
not turn on
It was really excellent and flawless, but
suddenly the phone turned off and did
not turn on again.
Persian: Persian: Positive Persian: Negative Negative
St a2 ol d 03 g SUIS o g ¢ g5 «UISG Oy O B ot o I
Sl 255 bk 055 fls Msweyls S English: English:
) o Good, features, better But, overheating,
e R drawback, do not buy
English:
It has good features; I used it for three
months, but its major drawback is
overheating and touchscreen failure,
and it is better not to buy it.
Persian: Persian: Positive Persian: Negative Positive
Jo b Sy ol 5 25 0l oS ot JLS e L S s I (I
R el S English: English:
Enclish: Have not had any problems But, have not had
g
I have had this printer for a year, but so
far I have not had any problems with it.
Persian: Persian: Positive Persian: Negative Positive
Wadlg o)l 3 5 2 s 55 ol a3l g ¢ 2 3,0
English: English: English:

Honestly, there is nothing better than

Nothing better, honestly

There is nothing

this in the world!

5. Conclusion and Future Work

This study investigated sentiment analysis in an
imbalanced Persian e-commerce dataset, with a
particular focus on addressing the limitations of
conventional evaluation metrics such as Accuracy.
Given the strong bias of Accuracy toward majority-
class performance, more robust evaluation
measures, including Balanced Accuracy, Macro
Fl-score, and AUC-ROC, were adopted to provide
a more reliable assessment of model performance
across both majority and minority classes. The
experimental results demonstrate that transformer-
based models consistently outperform classical
machine learning approaches such as Logistic
Regression and SVM. This improvement can be
attributed to their ability to capture contextual
semantics and long-range dependencies, which are
essential for modeling complex linguistic patterns
in real-world sentiment data. A key contribution of
this study is the systematic investigation of Focal
Loss within transformer-based architectures. In
particular, the ParsBERT model trained with Focal
Loss was evaluated against baseline models under
a unified experimental setting. The results indicate
that incorporating Focal Loss significantly
enhances minority-class detection, leading to
improved Balanced Accuracy and AUC-ROC, as
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well as a notable increase in Recall for negative
reviews. Compared with the best-performing
classical baseline (SVM), the proposed model
achieves substantial improvements in both
Balanced Accuracy and AUC-ROC. These
findings highlight that, in imbalanced learning
scenarios, loss function design can be as influential
as architectural improvements in determining final
model performance. Moreover, the computational
cost analysis demonstrates that these performance
improvements are achieved with only negligible
additional overhead compared with the standard
Cross-Entropy Loss. The training time and
inference latency of ParsBERT remain virtually
unchanged, indicating that the proposed approach
offers an effective balance between classification
performance and computational efficiency for

practical Persian e-commerce sentiment analysis.
To further interpret model behavior, an XAl
analysis based on Integrated Gradients was
conducted. The results reveal that ParsBERT
trained with Cross-Entropy Loss tends to rely more
on surface-level lexical cues, whereas the model
trained with Focal Loss shifts its focus toward more
context-dependent and semantically informative
tokens. This attribution shift provides a possible
explanation for the improved detection of minority-
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class instances, particularly in cases involving
mixed or conflicting sentiments. Overall, the
findings suggest that Focal Loss not only improves
classification performance but also meaningfully
influences the learning dynamics of transformer-
based models. This leads to more balanced decision
boundaries and improved generalization in
imbalanced and noisy real-world datasets. Despite
these contributions, the study has certain
limitations. The experiments are conducted on a
single benchmark dataset (SentiPers extracted from
Digikala), which, although widely used, does not
fully capture the diversity of real-world Persian e-
commerce data. As a result, the generalizability of
the findings to other domains and datasets may be
limited. Future research can extend this work in
several important directions. First, the construction
of large-scale and domain-diverse Persian
sentiment datasets would significantly improve the
robustness and external validity of evaluation
results. Second, extending the current framework
to fine-grained sentiment analysis tasks, such as
Aspect-Based Sentiment Analysis (ABSA), could
provide deeper insights at the product-feature level.
Finally, future work could establish a unified
benchmarking framework to systematically
compare recent Persian-specific transformer
models (e.g., Tooka-SBERT and Tiny-ParsBERT)
together with emerging Persian Large Language
Models (LLMs), such as PersianMind and
FarsEval-PKBETS, under identical experimental
settings for imbalanced Persian e-commerce
sentiment analysis. Such investigations would
provide a more comprehensive understanding of
the trade-offs between predictive performance,
computational efficiency, and model
interpretability across next-generation Persian
language models for Persian e-commerce
sentiment analysis.
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