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The rapid advancement of information technology has led to a significant
surge in the volume of unstructured textual data. This has posed a major
problem in terms of analyzing, organizing, and automatically clustering text
for research purposes, which is crucial for extracting valuable insights. The
process of manually clustering the unstructured data, such as customer
reviews on the Internet, which capture the opinions of customers regarding
products, services, and social events, requires significant financial resources,
manpower, and time. Most of the studies are directed towards the analysis of
sentiment in user reviews. In order to address the issues effectively,
automated text clustering could assist in categorizing reviews into various
themes, thereby simplifying the analysis process. Therefore, in this paper,
we present and compare the result of experiment the combination of five text
clustering techniques, namely K-means, fuzzy C-mean (FCM), non-negative
matrix factorization (NMF), latent dirichlet allocation (LDA), and latent

semantic analysis (LSA) with different embedding techniques, namely term
frequency-inverse document frequency (TF-IDF), Word2Vec, and global
vectors (GloVe). The experiments revealed that LDA is a reliable algorithm
as it consistently produces good results across three-word embeddings. The
highest Silhouette score recorded in the experiments was 0.66 using LDA
and Word2Vec as word embedding. Simultaneously, the application of LSA
in conjunction with Word2Vec yields superior outcomes, as evidenced by a
Silhouette score of 0.65.
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1. INTRODUCTION

The emergence of the age of big data has resulted in an enormous amount of data being spread over
all aspects of our lives. The ever-growing amount of textual information has created challenges to customers
in finding the desired content. Before this, textual data were manually classified and clustered which is time-
consuming, difficult, and costly. In today’s world, it is evident that relying solely on manual text
classification and clustering is insufficient to address the requirements. The emergence of automatic text
classification and clustering significantly contributes to the state of the art of natural language processing
(NLP).

Approximately 80% of the material now accessible on the Internet exists in an unstructured,
unlabeled text-based. The exponential growth of unstructured text data can be attributed to the widespread
availability of digital information, including emails, text messages, blogs, social media posts, and product
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evaluations. For people using e-commerce platforms, the process of sifting through numerous reviews prior
to making a purchase can present a formidable challenge. Unsupervised learning enables the exploration of
difficulties that lack a labeled dataset and do not have prior knowledge regarding the outcome.

Clustering is an analytical method employed for discovering the structural relationships between
variables. Unsupervised machine learning methodologies can be employed to autonomously assess pre-
processed data derived from these websites, with the aim of enhancing the user experience for consumers
prior to making a purchase. In addition to assisting potential consumers in making an informed purchase
decision, reviews written by current customers allow product teams to fine-tune their offerings. These days,
businesses rely on consumer reviews and other forms of feedback to gain valuable insights in this digital,
diverse range of reviews, which often consist of a substantial volume [1]. Various methodologies, including
topic modeling and text clustering, offered several benefits such as identifying common themes, gaining
insight into the strengths and weaknesses of the business, feedback prioritization, market research,
competitive analysis and customer engagement.

Text clustering can only be performed following the completion of the vectorization procedure,
which is referred to as word embedding. Word embeddings convert textual data, which is incomprehensible
to machine learning algorithms, into a numerical format that they can capture the contextual basic form of
words, both in terms of their semantic and grammatical similarities, as well as their relationship with other
words. For the purpose of detecting relevant and useful terms within user reviews, various techniques have
been utilized, including frequency-based word embedding methods like term frequency-inverse document
frequency (TF-IDF). This study primarily concentrates on the clustering of an unlabeled dataset through the
utilization of several word embedding strategies, namely Word2Vec [2], GloVe [3], and bidirectional
encoder representations from transformers (BERT) [4]. In this paper, five unsupervised techniques have been
utilized for the purpose of clustering user reviews.

First, K-means clustering is an algorithm that defines clusters as partitions of data [5] but [6]
mentioned it fails to leverage prior knowledge about the distribution of hidden class labels obtained from
limited labeled data. Despite its limitations, the K-means clustering algorithm is credited with flexibility,
efficiency, and ease of implementation. The simplicity and low computational complexity have given the K-
means clustering algorithm a wide acceptance in many domains for solving clustering problems. A study
done by [7] showed k-means clustering achieved the best result with a Silhouette Score of 0.6.

Second, in the domain of information retrieval, document modeling, and clustering, latent dirichlet
allocation (LDA) is a technique that is used to identify the latent topic structure of textual data and it is an
unsupervised machine learning technique [8]. The major benefit of LDA is that it can deal efficiently with the
variation of both words and documents [9]. LDA could be a useful tool to automatically discover underlying
topics within the complaint’s dataset [10]. While [11] mentioned LDA is easy to implement, understand and
use but it renders poor results when the number of training images is large.

Third, typically, the non-negative matrix factorization (NMF) can be interpreted as a dimensionality
reduction method, which factorizes the instance matrix into non-negative low-rank approximations. The
literature analyzes the equivalence of NMF and spectral clustering, indicating that NMF can be also applied
to clustering [12]. NMF methods that have been used so far are mostly unsupervised, which means they do
not pay much attention to any supervised information that could be hidden in the data [13], [14] also
mentioned NMF can reduces the sparsity from 86% to 44.9%.

Forth, fuzzy C-means (FCMs) methods determine which data belong to clusters, they often provide
better results than definite methods. The FCM cluster is the most popular fuzzy method. Its simplicity is one
of the positive features of the FCM method [15], [16] says the bigger the fuzzification constant implies that
each textual data may have more topics. While [17] mentioned FCM algorithm can overcome inconsistency
and ambiguity in data and can produce more complex groups. Study done by [18] observed that the best
results in grouping the unlabeled data, unsupervised learning technique were obtained with the K - Means
and FCMs algorithms.

Fifth, latent semantic analysis (LSA) is a widely used NLP technique that aims to examine topics
underlying the corpus. LSA relies on the following main idea: words with similar meanings will occur in
similar pieces of text [19]. However, a major drawback of LSA is its expensive computational cost [9]. The
LSA technique is classified as an unsupervised learning method, as it lacks a ground truth. The presence or
absence of latent concept is uncertain. Throughout the 1990s and into the 2000s, LSA was demonstrated to
be able to model various cognitive functions, including the learning and understanding of word meaning [20].

The results of the experiments have been examined and compared with the state-of-the-art word
embedding techniques available. The paper is structured as follows: In section 2, explains the methodology
on how the experiment is carrier out. The details about the analysis of the findings are highlighted in
section 3. In conclusion, the paper is summarized in section 4.
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2. METHOD
To be able to conduct an extensive study into the word embeddings in the text clustering model, the

following Figure 1 provides an overview of our methodology.
Text
Clustering

Data

Collection Validation

D?ta pre- Word
processin Embedding

Figure 1. Research methodology

2.1. Data collection

The data collection process involves retrieving or gathering the necessary data for analysis. The data
can be acquired from a variety of sources, such as social media platforms, online review platforms, and e-
commerce websites selling multiple products and services. For this paper, the reviews that were gathered
consisted of textual reviews that were acquired from Kaggle and crawled from its website.

2.2. Data pre-processing

Preprocessing refers to the activity of preparing data in order to enhance its accuracy, ensuring that
the results accurately reflect the data [21] and are significant to the research objective. We do data
preprocessing primarily to transform raw data into a machine-readable format because it may have the
tendency to contain a significant quantity of noise as well as textual information that is not useful [22].
Besides, we are also removing special characters, stopwords, punctuations, duplications, URLs and
tokenization are crucial steps in this process that ensure the data is clean before the vectorization process.
Importantly, we do not perform lemmatization and stemming as some research warns against hastily using
stemming or lemmatization because it might change the results [23]. To ensure the user reviews clustering
model learns the relationships between words in the corpus, these procedures must be applied. The quality of
the model's results depends on thorough data preprocessing, which can be a time-consuming procedure.

2.3. Word embedding

Word Vectorization or Word Embedding refers to the process of transforming words into a vector.
This vector is then used to make predictions about words and identify similarities or semantics between
words as word embedding has been demonstrated to be useful in a number of natural language processing
tasks [24]. In this paper, there are 3 word embedding techniques are used: 1) TF-IDF (using sklearn
TfidfVectorizer); 2) Word2Vec (using python genism.model Word2Vec); and 3) GloVe (using keras
tensorflow). To extract valuable information from natural language text or sentences using machine learning
and deep learning techniques, it is necessary to convert the text into a vector [25].

2.4. Text clustering

Text clustering refers to the systematic procedure of grouping documents that have similar content
into the same group. Text clustering enables the discovery of complex and significant relations between
words in a corpus that would otherwise be challenging to cluster. K-Means, FCMs, LSA, LDA, and NMF
were selected to cluster the user reviews that has been through word embedding.

2.5. Validation

When the embedded text data has been clustered using a selected clustering technique, the
subsequent step involves analyzing the results by comparing the silhouette score of the clustered data and
visualizing the findings. The Silhouette Coefficient or silhouette score is a quantitative measure used to
evaluate the effectiveness of a clustering technique. The range of the value of the variable spans between -1
to 1 following the silhouette score (1).

_ l n b-a

S¢ = n X Zi max(a,b) (1)
a - distance between data point within cluster
b - distance between cluster
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3. RESULTS AND DISCUSSION

For this experiment, three datasets were selected: Shopee customer reviews (e-commerce) [26],
Malaysia restaurant reviews (Food & Beverage) [27], and Malaysia telecommunication reviews (Service)
[28]. The file sizes of both datasets were 46MB, 75MB, and 5MB, respectively. Shopee customer reviews
consist of reviews made by customers who have made purchases on the Shopee electronic commerce
platform, with a special emphasis on the English language. Both the Malaysia restaurant reviews and
Malaysia telecommunication reviews databases consist of reviews sourced from TripAdvisor and Google,
respectively. It is interesting to note that both datasets include reviews written in both English and Malay
languages. We used a total of five different algorithms to analyze the dataset. Evaluation was conducted
utilizing silhouette score measurement metrics in association with three distinct word embedding techniques
TF-IDF initially, Word2Vec, and GloVe. We performed on three selected datasets mentioned before. A
separate table is used to present the results acquired for each dataset.

3.1. Shopee customer reviews

Prior to conducting the word embedding and clustering procedures, the Elbow Method is employed
to determination of the optimum K value is based on the presence of an elbow curve on the graph, that is 4.
Results for experiment using dataset Shopee customer reviews as shown in Table 1. Table 1 presents
interesting findings, as LDA algorithm consistently produces similar results across various word embeddings.
LDA is a highly efficient algorithm for effectively handling substantial volumes of structured and semi-
structured textual data [29]. This finding illustrates that LDA offers its ability to employ any word
embedding techniques. Despite the consistent results produced by LDA, LSA has outperform performance
compared to other algorithms, as shown by its Silhouette score of 0.65. On the other hand, except for LDA, 4
out of 5 algorithms demonstrate very low performance when utilizing TF-IDF. Word2Vec is a technique that
can be considered reliable for word embeddings as it has significant efficacy compared to GloVe, especially
with regard to TF-IDF. Furthermore, [23] provides further evidence that TF-IDF is not as effective as the
other techniques when it comes to extracting relevant text documents. According to [30], FCMs will not
produce better results as it demonstrates superior clustering performance for large image datasets compared
to text, with a lower error rate. The silhouette score for FCMs has been demonstrated to be 0.001, 0.31, and
0.009 when employing TF-IDF, Word2Vec, and GloVe, respectively. Based on the results of the experiment,
it can be assumed that the use of WOrd2Vec and GloVe as word embeddings provides better results for both
LDA and LSA.

The LSA clustering visualization depicted in Figure 2 that splits the Shopee customer reviews into
four distinct clusters which are 0, 1, 2, and 3 that consist 9982, 6, 7, and 5 samples, respectively. The vast
majority of samples are located in cluster 0. The remaining clusters hold insignificant quantities of samples
due to their distance from the centroid.

Table 1. Results for Shopee reviews dataset

Algorithm Results (Silhouette Score)
TF-IDF Word2Vec GloVe
K-means 0.007 0.31 0.06
Fuzzy C-means 0.001 0.31 0.009
Non-negative matrix factorization (NMF) 0.01 0.19 0.14
Latent dirichlet allocation (LDA) 0.59 0.59 0.59
Latent semantics analysis (LSA) 0.07 0.65 0.57

3.2. Malaysia restaurant reviews

For the second experiment, Malaysia restaurant reviews from TripAdvisor.com website are used and
the results are recorded in Table 2. In Table 2, LSA continues to outperform the other algorithms, but slightly
lower than the first experiment, where it achieved a score of 0.63 using Word2Vec as word embeddings. In
both the first and second experiments, the use of Word2Vec as word embeddings leads to better outcomes for
LSA. In this experiment, the gap in Silhouette scores between LSA and LDA is about 0.01. According to
[30], LDA gets a better result than LSA. However, our results show the opposite for both experiments. This
is rather interesting. It should also be highlighted that LSA produces a fairly acceptable result of 0.42 when
using GloVe as word embedding, as compared to TF-IDF. While, The LDA algorithm consistently produces
similar results when applied to the three different word embedding techniques. It confirms [30] that both
LDA and LSA are able to generate relevant topic on dataset. Similarly to the previous experiment, the use of
TF-IDF and GloVe to K-Means, FCMs, and NMF gives unsatisfactory outcomes. The word embedding
techniques used in the three clustering algorithms outlined earlier fail to achieve a Silhouette Score of 0.1 or
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higher. Table 2 further demonstrates the extreme poor results that the TF-IDF generates, with Silhouette
score values as low as 0.005 and even lower, 0.001, when compared to the first experiment. This
demonstrates that applying frequency-based word embedding to text clustering semantically is inappropriate.

Figure 3 depicts the visualization of the LSA clustering using Word2Vec for the second experiment.
It seems nearly identical to the first experiment, however it is different as the Silhouette score slightly lower
compared to the first experiment. The distinction is also seen in the visualization edge, which appears more
disperse compared to the previous, which exhibits a darker coloration.

Table 2. Results for Malaysia restaurant reviews dataset

Algorithm Results (Silhouette Score)
TF-IDF Word2Vec GloVe
K-means 0.009 0.36 0.07
Fuzzy C-means 0.005 0.32 0.07
Non-negative matrix factorization (NMF) 0.01 0.31 0.07
Latent dirichlet allocation (LDA) 0.62 0.62 0.62
Latent semantics analysis (LSA) 0.11 0.63 0.42

LSA Clustering of Cleaned Text (Word2Vec)

Clusters
Cluster 0 {9982 samples)
Cluster 1 (6 samples)
a Cluster 2 (7 samples)
N »  Cluster 3 (5 samples)

Figure 2. The LSA clustering (Shopee customer reviews)

3.3. Malaysia telecommunication reviews

The third experiment utilized the Malaysia telecommunication reviews dataset, which contains
reviews written in both English and Malays by native Malaysian. This dataset was selected due to its
combination of mix languages and its small size, at only 9MB. This experiment aims to investigate a small
set of data and compare it with the findings of the second and third experiments. The results are presented in
Table 3. Remarkably, LDA outperforms the results compared to the other algorithms. Additionally, LDA
outperforms the results of the two preceding experiments with 0.66 Silhouette score. This validates the
findings of [30] which indicate that LDA gives better outcomes compared to LSA. This is also demonstrates
the efficacy of LDA in handling small datasets, specifically user reviews as mentioned by [31] that the LDA
algorithm produced better results, suggesting that it is possible to generate more coherent clusters of topics.
The LSA algorithm produced statistically significant results, with a difference of 0.04 Silhouette score,
compared to the LDA algorithm when utilizing Word2Vec. In the third experiment, the LDA consistently
produced identical results and this finding demonstrates that the LDA algorithm can be used for semantic text
clustering regardless of word embedding techniques used.

The experiment demonstrates that the LDA algorithm utilizing Word2Vec achieves a more balance
distribution of samples clustering (Figure 4). Cluster 0, 1, 2, and 3 contain 2,987, 2,660, 1,320, and 3,032
samples, respectively. Additionally, the visualization clusters the samples effectively, as very little points that
represent samples reside on top of one another and confirm by [32] that LDA as an unsupervised machine
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learning algorithm is effective for topic modeling and not only produced good results, but also demonstrated
an outstanding degree of accuracy in sentiment analysis at both the documents and words dataset.

LSA Clustering of Cleaned Text (Word2Vec)

Clusters
4 #e @ Cluster 0 (9954 samples)
° °°~ . Cluster 1 (6 samples)
kS o o0 @ Cluster 2 (7 samples)
i 5 & Cluster 3 (6 samples)
©
L]
0.5 4
0.0 4
-0.5
-3 2 a1 0 1 2 3 4
Figure 3. The LSA clustering (Malaysian restaurant reviews)
Table 3. Results for Malaysia telecommunication reviews dataset
Algorithm Results (Silhouette Score)
TF-IDF Word2Vec GloVe
K-means 0.01 0.28 0.11
Fuzzy C-means 0.04 0.26 0.05
Non-negative matrix factorization (NMF) 0.01 0.25 0.07
Latent dirichlet allocation (LDA) 0.66 0.66 0.66
Latent semantics analysis (LSA) 0.18 0.62 0.41
LDA Clustering of Cleaned Text (Word2Vec)
0.8 1 Clusters
@ Cluster 0 (2987 samples)
Cluster 1 (2660 samples)
Cluster 2 (1320 samples)
0.6 - Cluster 3 (3032 samples)
0.4 1
g 0.2 1
£
(=]
S oo
-0.2
-0.4
-0.6

-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8
PCA Dimension 1

Figure 4. LDA clustering (Malaysia Telecommunication Reviews)
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4.  CONCLUSION

Nowadays, there is a significant spike in data volume, demanding rapid data processing. This study
investigates the techniques of word embedding such as TF-IDF, Word2Vec and GloVe and demonstrates the
outcomes of their application in text clustering algorithms. We use K-Means, FCMs, NMF, LDA and LSA to
cluster the user reviews. Three distinct user review datasets are used for the experiments: 1) Shopee customer
reviews; 2) Malaysia restaurant reviews; and 3) Malaysia telecommunication reviews. In conclusion, with the
use of clustering algorithms on the embedded textual data, it is possible to cluster distinct classes or centroids
that represent clusters including related texts. The implementation of LDA and LSA algorithms has
demonstrated significant efficacy in the clustering of short textual dataset, and there is potential for being
used in the context of large textual datasets. from the three experiments, the LSA and LDA algorithms are
highly compatible with Word2Vec as an embedding technique for semantic text clustering.

As for future works, it should be considered to use BERT as a word embedding technique as it has
its ability to accurately represent both the preceding and succeeding context of a word. This will enable
BERT to more effectively capture the intended meaning of a sentence.
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