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Abstract

This study investigates the effectiveness of deep learning methods in analyzing linguistically diverse customer
reviews on Shopee to generate actionable product insights. By integrating Word2Vec, Convolutional Neural
Networks (CNN), and Deep K-Means clustering, the proposed workflow moves beyond simple polarity detection
toward aspect-based sentiment analysis. Customer reviews were preprocessed and represented using Word2Vec
(skip-gram) to capture semantic proximity across informal registers, slang, abbreviations, and code-switching. A one-
dimensional CNN then classified reviews into positive and negative sentiments, achieving 93—-94% accuracy with
balanced F1-scores across both classes. To extract aspect-level insights, reviews were projected into a latent space
via an autoencoder and clustered using K-Means, with evaluation metrics (Silhouette = 0.6; DBI =~ 0.5) confirming
adequate cohesion and separation. Positive clusters highlighted product design, durability, and ease of use, while
negative clusters emphasized material quality, packaging, and delivery issues. These findings demonstrate that deep
learning can adapt to sociolinguistic variation in Indonesian e-commerce discourse while providing structured,
socially meaningful insights. This research is significant for the field of Informatics as it advances Natural Language
Processing techniques for multilingual and code-switched data, addressing a key challenge in real-world text mining
applications. The approach offers practical value for sellers in improving product quality, enhancing customer
satisfaction, and refining marketing strategies.

Keywords : Aspect-Based Sentiment Analysis, Convolutional Neural Network, Deep K-Means Clustering,
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1. INTRODUCTION

Extracting product strengths and weaknesses from online reviews holds high strategic value for
business actors in digital marketplaces. On platforms such as Shopee, customer reviews represent one
of the most influential sources of consumer insight, shaping not only individual purchasing decisions
but also broader market competition [1], [2]. In a business environment characterized by intense
competition, sellers are required to continuously innovate, align their products with market demands,
and deliver offerings that combine affordability with superior quality and a user-friendly experience [3],
[4]. Systematically identifying strengths, such as attractive design, durability, ease of use, or competitive
pricing, allows sellers to effectively highlight these features in their marketing strategies, promotional
content, and product descriptions [5]. Conversely, detecting weaknesses such as poor material quality,
inaccurate sizing, or slow delivery enables more precise product evaluation [6] and targeted
improvement.

Moreover, the systematic extraction of product strengths and weaknesses from online reviews
helps build a more sustainable competitive advantage [7]. By leveraging natural language processing
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and deep learning methods, businesses can efficiently analyze large volumes of unstructured customer
feedback, uncovering hidden patterns that may not be visible through traditional market research. This
analytical approach not only enhances decision-making at the operational level but also supports
strategic planning by revealing consumer preferences, emerging trends, and potential market gaps. In
this way, customer reviews are transformed from simple feedback into a valuable knowledge resource
that guides product innovation, strengthens brand positioning, and fosters stronger relationships between
sellers and consumers in the digital marketplace.

Despite their value, online reviews are typically abundant, unstructured, and highly diverse in
language. Sellers often skim them as general satisfaction indicators without deeper analysis, leaving
important insights overlooked [8]. This results in product revisions that are reactive or assumption-based
rather than data-driven. Furthermore, the ability to monitor product performance over time, by
comparing reviews before and after improvements or benchmarking against competitors, remains
limited without systematic extraction techniques [9]. Sentiment analysis and natural language
processing, therefore, hold significant promise in transforming raw textual feedback into actionable
knowledge [10], [11]. Previous studies on sentiment analysis have made substantial progress in applying
machine learning and deep learning models such as LSTM, CNN, or hybrid architectures for e-
commerce review classification [12], [13]. These approaches successfully identify general sentiment
polarity (positive, negative, neutral) and improve accuracy in various marketplaces and languages [14],
[15]. In addition, recent works have employed aspect-based sentiment analysis (ABSA) to link
sentiments with product features, offering more detailed insights [16], [17].

However, existing frameworks still face limitations when applied to linguistically diverse
contexts such as Indonesian online marketplaces. Most models rely on standardized datasets and
overlook sociolinguistic variability—such as slang, code-switching, and informal expressions—that
dominate real customer reviews [18], [19]. As a result, current systems often misinterpret meaning,
reduce classification accuracy, and fail to capture aspect-level sentiments tied to specific product
attributes. Furthermore, many studies focus only on sentiment polarity without integrating clustering
methods to reveal latent patterns across linguistically varied data. These limitations represent a
significant research gap in adapting computational models to the linguistic and cultural realities of
Indonesian e-commerce communication.

To fill this gap, the present study proposes an integrated framework that combines deep learning
techniques—Word2Vec, Convolutional Neural Networks (CNN), and Deep K-Means clustering—with
a sociolinguistic lens. This approach enables more accurate sentiment classification and aspect
extraction by taking into account linguistic variation and context. The incorporation of sociolinguistic
awareness enables the model to interpret informal, mixed-language, and culturally loaded expressions,
such as “mantul banget” (slang for “very good”) or “ngaret dikit tapi oke,” which conventional models
might misinterpret. By aligning computational analysis with sociolinguistic realities, this research
introduces a novel hybrid model that generates socially meaningful insights and enhances the
interpretability of marketplace review analytics. Based on these considerations, the research problems
are formulated as follows. First, how can deep learning methods—specifically Word2Vec,
Convolutional Neural Networks (CNN), and Deep K-Means clustering—be applied to extract
information on product strengths and weaknesses from customer reviews in the Shopee marketplace,
while accounting for sociolinguistic variation in digital language use? Second, to what extent are these
deep learning methods effective in clustering and analyzing linguistically diverse customer reviews on
Shopee to obtain relevant and socially meaningful insights into products?

Accordingly, the objectives of this study are twofold. The first objective is to develop and evaluate
a deep learning model that can handle sociolinguistic variation in Indonesian e-commerce reviews while
ensuring reliable sentiment classification. The second is to evaluate the effectiveness of deep learning
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methods in clustering and analyzing linguistically diverse customer reviews on Shopee to generate
relevant and socially meaningful product insights. Through this design, the research seeks to contribute
to the methodological development of sentiment analysis in linguistically diverse contexts and to enrich
the understanding of sociolinguistic dynamics in digital marketplaces. By acknowledging language
variation in online reviews, this study generates more comprehensive and contextually accurate insights,
providing practical value for sellers in product development, marketing strategy, and reputation
management.

2. METHOD

This study is an experimental research aimed at identifying and achieving the best performance
with the highest accuracy in analysing product reviews on the Shopee marketplace. It is descriptive in
nature, as it details each stage of the review analysis process. A quantitative approach is applied, in
which the results of the implemented methods are presented in numerical form to reflect the performance
of the analytical models used [20],[21]. The process begins with determining the research type and
approach, followed by collecting product review data through web scraping. it then proceeds to the pre-
processing steps, including cleaning, sentiment labelling, and text normalisation [22]. The data are then
represented using Word2Vec and analyzed through two stages: sentiment classification using CNN and
product feature clustering with deep k-means clustering [23]. Classification performance is evaluated
using a confusion matrix. At the same time, clustering quality is assessed with the silhouette score and
the Davies—Bouldin index (DBI), and subsequently visualised through dimensionality reduction
techniques to depict the features extracted from user reviews. From a sociolinguistic perspective, this
visualisation is particularly valuable as it not only highlights sentiment polarity but also reveals
linguistic variation across reviews, such as the use of slang, dialects, code-switching, or informal digital
expressions. Incorporating this sociolinguistic approach enriches the interpretation of clusters by linking
computational patterns with social meaning [24], ensuring that the analysis of product strengths and
weaknesses remains both technically accurate and reflective of the diverse consumer voices in
Indonesia’s digital marketplace [25].

2.1 Data Collection

The main objective of data collection is to construct a new dataset that is both representative and
of high quality, ensuring that the subsequent analytical models are trained on reliable and contextually
relevant information [26]. At the initial stage, publicly available datasets from Kaggle were utilized to
accelerate model prototyping and testing, as these datasets provided a benchmark for validating
preprocessing pipelines and establishing baseline performance. Building on this foundation, a total of
25,000 Shopee product reviews were then collected directly from the official marketplace (shopee.co.id)
through automated web scraping. The scraping process systematically retrieved essential attributes,
including product titles, descriptions, categories, ratings, and user-generated reviews, thereby enabling
a comprehensive view of both product characteristics and consumer feedback [27]. To further enhance
data quality, the raw scraped data underwent cleaning procedures, including the removal of duplicates,
normalization of textual formats, and filtering of irrelevant entries. Manual labeling was subsequently
applied to a subset of 5,000 reviews to ensure accuracy in sentiment annotation and to provide ground
truth for training supervised models. This multi-stage data collection process not only guaranteed the
reliability of the dataset but also ensured its representativeness of actual consumer discourse in the
Indonesian digital marketplace, making it highly valuable for developing robust extraction and
sentiment analysis models [28].
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2.2 Data Pre-processing

Data pre-processing aims to transform raw reviews into a clean, uniform, and analysis-ready
format that effectively supports subsequent computational modeling. This process consists of three main
stages. First, automated data cleaning was conducted to handle the large data volume by removing
duplicates, correcting spelling errors, and eliminating inconsistencies, such as incomplete reviews or
irrelevant symbols, to ensure that only high-quality entries were retained. Second, data labeling was
performed manually by Shopee users and sellers, who categorized each review as positive, negative, or
irrelevant. For analytical purposes, only positive and negative labels were retained to provide a clear
distinction in polarity for model training and evaluation. To ensure consistency, detailed annotation
guidelines were provided, and inter-annotator agreement was regularly checked to minimize
subjectivity. Third, text normalization and tokenization were conducted through several sub-steps: case
folding to standardize capitalization, tokenization to segment text into words, removal of punctuation
and non-alphanumeric characters, normalization of informal language and abbreviations commonly
used in digital discourse, stopword removal to eliminate non-informative words, and stemming to reduce
words to their root forms [29], [30]. Furthermore, this study tested four pre-processing configurations
by varying the inclusion or exclusion of specific operations, such as stopword removal or stemming, to
evaluate their impact on model performance [31], [32]. All pre-processing tasks were implemented in
Python using NLTK, Sastrawi, and scikit-learn libraries, and the processed datasets were stored in a
structured database to support efficient retrieval and experimentation.

2.3 Data Representation

The review employed the Word2Vec skip-gram model, which is capable of capturing word
meanings based on surrounding context, as shown in Figure 1. This model was applied to all four pre-
processing scenarios to generate low-dimensional word vectors. Several key parameters were tested to
obtain optimal results, including size, which determines the vector dimension [33]. Smaller sizes
accelerate training, while larger sizes preserve more information. Window Size: Determines the extent
to which the training process considers contextual words. Efficiency Method: Utilises hierarchical
SoftMax or negative sampling to reduce training complexity. Negative: The number of random negative
words used in negative sampling to support the learning of unrelated words. Experiments were
conducted by configuring combinations of these parameters to produce the most effective
representations for sentiment analysis.

The word embeddings with skip-gram and negative sampling is shown as (hs = 0). For each
target—context pair (w;, w, )and Knegatives w;, ~ B,,, we minimize the logistic loss.

K
txswi wo) = —logo(ulv) = > loga(-uf,w,), ()
k=1
And sum it over all target—context pairs within a symmetric window c:
T

Ls=) ) tstewe). @)
t=1 —c<jsc
j#0
Here v, u are input/output embeddings and othe sigmoid. We tune size € {50,100,150}, window
€ {2,3,5}, and negative € {5,10,20}; the selected setting is size=100, window=3, negative=20 (hs=0).
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Figure 1. Skip-Gram model

2.4 Sentiment Classification

After the word representations were transformed into numerical vectors using Word2Vec, the
classification process was carried out with a one-dimensional Convolutional Neural Network (1D CNN).
The word vectors were fed into the input layer in the form of a matrix, where each row represented a
word [34]. The 1D CNN was chosen because it is effective in capturing local features in text, such as
key words or phrases, as explained in Kim’s study [35]. It was also employed for its ability to extract
important features that are highly relevant to sentiment [36]. To obtain the best results, the 1D CNN
model was tested with several variations of key parameters, including Kernel Size, which defines the
size of the filter in the convolutional layer to capture local patterns in the text. Dropout: Randomly
deactivates a portion of neurons during training to prevent overfitting and improve generalisation.
Learning Rate: Determines the step size when updating model weights. An appropriate value is essential
for stable and efficient training. Each parameter combination was evaluated to determine its impact on
the accuracy of sentiment classification. The architecture of the 1D CNN is shown in Figure 2.
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Figure 2: CNN 1D
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Each review is encoded as an embedding matrix X € R“*¢. A 1-D convolution with kernel
w® = {Wp(_z)} € R™*? bias b produces feature maps

m—-1 d
k k k
cl.( ) = ReLU Z Z Wp(,q) Xivpq+b® ), s® = max cl.( ), 3)
p=0 q=1
The pooled features s = [s(l) I S(K)]are fed to a softmax classifier:
N ¢
1
y = softmax(W;s + by), Ly =— N Z W; yn jlog I ;. 4)
n=1 j=1

2.5 Clustering Evaluation

The quality of clusters produced by the Deep K-Means Clustering Neural Network was evaluated
using two metrics: the Silhouette Score, which measures how similar data points are within a cluster
compared to other clusters (with values closer to 1 indicating better clustering), and the Davies-Bouldin
Index (DBI), which assesses the similarity between clusters [37] (lower values indicate better
clustering). This evaluation is essential to ensure that the model can recognise the natural structure of
the review data.
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Region 1 Location2
Location2 Xy, X;2 Xsp .
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: Neural Network
Location3 X;z X;3 Xsa 3
Location3
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Figure 3: Deep K-Means Clustering Neural Network

2.6 Result Visualization

To better understand the distribution and quality of clusters, latent representations from the
autoencoder were visualised in two dimensions using dimensionality reduction techniques such as t-
SNE and PCA [38], [39]. These methods reduced the high-dimensional feature space into a form that is
interpretable by humans while preserving the relative distances between data points as much as possible.
Each cluster was represented with a distinct colour, allowing for clear differentiation and facilitating the
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observation of patterns, overlaps, and potential outliers among clusters [40]. Through this visualization,
it became possible to assess not only the compactness and separability of clusters but also the degree of
coherence in grouping reviews with similar semantic and sentiment characteristics. Furthermore, visual
inspection provided complementary evidence to quantitative metrics such as silhouette scores or
Davies—Bouldin indices, thereby enhancing the overall evaluation of clustering quality. This
combination of dimensionality reduction and visualization served as an essential diagnostic tool for
validating the effectiveness of the clustering model and identifying areas for potential refinement.

3. RESULT

This study addresses the research problem by integrating three deep learning components:
word2vec, convolutional neural networks (cnn), and deep k-means clustering neural networks to
transform shopee customer reviews into operational aspect-sentiment information while
accommodating sociolinguistic variation in digital language use. after optimal pre-processing is applied,
the text is represented with word2vec (skip-gram) to capture semantic proximity between words across
diverse registers, slang, abbreviations, and code-switching commonly found in e-commerce discourse.
These representations are then classified by a one-dimensional CNN to reliably determine the polarity
of each review, effectively identifying whether the sentiment is positive or negative despite linguistic
variability. In the subsequent stage, deep k-means is employed: documents are projected into a latent
space through an autoencoder and clustered separately for positive and negative corpora, generating
aspect-based groupings of product features. From each polarity-cluster combination, dominant terms or
phrases are extracted (e.g., using tf-idf) and interpreted as strengths when they prevail in positive reviews
and as weaknesses when they dominate in negative reviews. By combining computational modelling
with sensitivity to sociolinguistic variation, this workflow demonstrates how deep learning methods can
move beyond simple polarity detection to provide structured, actionable insights into product strengths
and weaknesses in the Shopee marketplace.
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Figure 4. Word2Vec visualisation

The initial stage of the research begins with word representation using skip-gram-based
Word2Vec. This representation is then visualized with t-SNE to illustrate the semantic proximity
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between words. The results are presented in Figure 4, which displays the distribution pattern of words
in the vector space and serves as the basis for the subsequent stage of analysis.

The Word2Vec-based 1D CNN model in the final experiment achieved an accuracy of 0.94 and
amacro F1-score of approximately 0.94 on the test set (20% of the total data). The balanced performance
between the negative and positive classes, as shown in Table 1, indicates the reliability of polarity labels
for subsequent aspect-level analysis. Figure 2 presents the confusion matrix, while Figure 3 displays the
ROC and Precision—Recall curves, which further confirm the consistency of the model’s performance.

After sentiment labelling was obtained, aspect analysis was conducted using Deep K-Means. An
autoencoder projected the documents into a lower-dimensional latent space, and these latent vectors
were then clustered separately for the positive and negative corpora using K-Means, resulting in aspect
clusters. At the aspect clustering stage in the autoencoder’s latent space, the number of clusters was
determined based on the Silhouette Score and Davies—Bouldin Index (DBI). The results yielded two
clusters for the negative corpus, with a Silhouette score of 0.576 and a DBI of 0.577, and two clusters
for the positive corpus, with a Silhouette score of 0.597 and a DBI of 0.535. Table 2 presents the
Silhouette and DBI values for each class, while Figure 4 illustrates the distribution of clusters in both
negative and positive sentiments.

Clustering Sentimen Positif Clustering Sentimen Positif

cluster cluster
e 0 e 0
¢ ’
2 o e 1 2 o o 1
* L d

Dim 2
Dim 2

-2 -1 [} 1 2 -2 -1 0 1 2
Dim 1 Dim 1

Figure 5. Data distribution in clusters with negative and positive sentiment

The final stage involves extracting pros and cons using the TF-IDF method. Within the {polarity
x cluster} combination, dominant terms in positive reviews are treated as strengths (pros), while
dominant terms in negative reviews are treated as weaknesses (cons). The mapping of these results is
presented in Figures 6 and 7, which clearly highlight the keywords that emerge in each cluster.
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Figure 6. The words that appear in the two negative clusters.
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Figure 7. The words that appear in the two positive clusters.

Thus, the pipeline of Word2Vec — CNN-1D — Deep K-Means — TF-IDF has proven effective
for automatically extracting product strengths and weaknesses from customer reviews, supported by
quantitative metrics, visual evaluation, and the analysis of dominant terms.To address the research
question, "To what extent are deep learning methods effective in clustering and analyzing linguistically
diverse customer reviews on Shopee to obtain relevant and socially meaningful product insights?', a
series of research activities was conducted. The detailed explanation is as follows.

The effectiveness of deep learning methods in clustering and analyzing customer reviews on
Shopee is evident from the classification and clustering results. At the classification stage, the
Word2Vec-based CNN-1D demonstrated high performance, achieving an accuracy and F1-macro score
of 0.94. Table 1 shows that precision and recall for both positive and negative classes were well-
balanced, further supported by visual evidence from the confusion matrix (Figure 5) and the ROC and
Precision—Recall curves (Figure 6). These results confirm that polarity labeling can be reliably used as
the foundation for further analysis.

Table 1. Classification performance of each class

Class Precision Recall F1
Negative 0.93 0.96 0.94
Positive 0.96 0.94 0.94

Confusion Matrix

True Label

0 1
Predicted Label

Figure 8. The words that appear in the two positive clusters
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Figure 9. ROC Curve and Precision-Recall

Meanwhile, at the aspect clustering stage, the Deep K-Means model consistently formed compact
and well-separated clusters. Evaluation using the Silhouette Score and DBI across different cluster
numbers supported the choice of k = 2 for both positive and negative corpora. The best Silhouette and
DBI values are presented in Table 2 below, while the cluster data distribution is visualized in Figure 2
above. The semantic consistency of the clusters was further reinforced through an inspection of
dominant words based on TF-IDF, shown in Figures 7 and 8. This indicates that the pipeline not only
accurately determines polarity but also effectively groups reviews into relevant aspects.

Table 2. Silhouette Score Value and Davies—Bouldin Index for each class

Klaster Kelas Negatif Kelas Positif

Silhouette DBI Silhouette DBI
1 0.576 0.577 0.597 0.535
2 0.573 0.508 0.554 0.540
3 0.553 0.513 0.540 0.534
4 0.537 0.533 0.551 0.528
5 0.544 0.506 0.526 0.539
6 0.550 0.503 0.532 0.546
7 0.543 0.511 0.553 0.492

These findings indicate that the deep learning methods employed in this study are effective in
classifying and clustering customer reviews. The model not only excels in terms of metrics, achieving
high accuracy and producing well-structured clusters, but also provides informative summaries of pros
and cons. The pipeline of Word2Vec, CNN-1D, and Deep K-Means, supported by TF-IDF, can therefore
be regarded as a reliable and practically valuable approach for extracting relevant product insights from
customer reviews in the Shopee marketplace.

4. DISCUSSIONS

The results of this study demonstrate that deep learning methods are effective in both classifying
sentiment and extracting aspect-level insights from linguistically diverse customer reviews on Shopee.
The Word2Vec-based 1D CNN achieved consistently high accuracy (0.93—0.94) and balanced F1-scores
across positive and negative classes, confirming the model’s robustness in handling polarity detection.
The ROC and Precision—Recall curves further verified that performance was stable under varying
decision thresholds, suggesting resilience to class imbalance and variability in linguistic expression.
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These outcomes highlight the ability of CNN models to capture local linguistic features crucial for
sentiment analysis in e-commerce contexts. These findings are in line with previous studies that have
shown CNN-based architectures to be highly effective for sentence-level sentiment classification. Kim
(2014) demonstrated that CNNs outperform traditional models, such as SVM and logistic regression, in
capturing the semantic features of short texts, which supports the results obtained in this study. Similarly,
Zhang et al. (2018) highlighted the effectiveness of Word2Vec embeddings in improving classification
accuracy by representing semantic proximity between words, particularly in informal digital
communication.

The clustering stage using Deep K-Means further supports the utility of deep learning in aspect-
based sentiment analysis. The moderate Silhouette and Davies—Bouldin Index values (Silhouette ~0.6,
DBI ~0.5) indicate adequate cohesion and separation between clusters, consistent with benchmarks
reported in related studies. For instance, Xie et al. (2016) proposed Deep Embedded Clustering (DEC),
showing that autoencoder-based clustering achieves more meaningful latent representations compared
to traditional K-Means alone. More recently, Xu and Tian (2020) applied deep clustering to customer
review data and reported similar levels of performance in distinguishing product aspects, aligning with
the findings of this study.

From a sociolinguistic perspective, the results confirm that deep learning models are capable of
adapting to the linguistic variation commonly found in Indonesian e-commerce reviews. This supports
earlier work by Purwarianti and Crisdayanti (2019), who observed that sentiment analysis in Indonesian
requires handling informal registers, abbreviations, and code-switching. The balanced classification
results in this study suggest that Word2Vec embeddings combined with CNN are sufficiently sensitive
to these sociolinguistic features, enabling reliable sentiment detection even in noisy, user-generated text.
By integrating Word2Vec, CNN, and Deep K-Means, this study extends prior research and demonstrates
how deep learning methods can move beyond polarity classification to uncover structured, actionable
insights. The identification of strengths (e.g., durability, design, ease of use) and weaknesses (e.g.,
material quality, packaging, delivery issues) reflects not only the technical effectiveness of the methods
but also their practical value for sellers seeking to improve product quality and customer satisfaction in
digital marketplaces.

5. CONCLUSION

Based on the findings, it can be concluded that integrating Word2Vec, convolutional neural
networks (CNN), and deep k-means is effective in analyzing Shopee customer reviews, which exhibit
significant linguistic variation. The word2vec-cnn model achieved high accuracy with balanced F1-
scores across positive and negative classes, demonstrating robustness in detecting polarity despite the
presence of slang, abbreviations, and code-switching in the text. The aspect clustering stage, utilizing
deep k-means, generated an optimal configuration with two clusters for each sentiment, resulting in
silhouette scores and Davies—Bouldin index values that indicate sufficient intra-cluster cohesion and
clear inter-cluster separation. The clustering results revealed that positive reviews primarily highlighted
aspects such as product design, durability, and ease of use, while negative reviews emphasised material
quality, packaging, and delivery time. Thus, this approach not only classifies sentiment effectively but
also provides structured insights into the product's strengths and weaknesses. From a sociolinguistic
perspective, the findings demonstrate that deep learning models can effectively accommodate the
linguistic diversity of Indonesian e-commerce discourse, generating socially meaningful and actionable
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insights. This study practically contributes to helping sellers improve product quality and marketing
strategies by offering a deeper understanding of customer perception.
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