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ABSTRACT 

Most e-commerce market platforms are improving their competitive benchmarks with continuously 

improving AI-based review analysis tools. Today, product review analysis is being prioritized from small to 

large companies to achieve parallel goals. Working with user text reviews that are coupled with 

diversifying sentiments, the market is now facing the real challenge of finding a perfect sentiment analysis 

approach that can meet business needs. This work presents a Gaussian Mixture Model (GMM) tokenizer 

to perform N-gram analysis on text. The proposed approach was compared with the LSTM baseline 

classifier on Amazon product reviews, and the experimental results showed that the GMM N-gram LSTM 

model outperformed the baseline LSTM. The accuracy of the proposed model was 85%, significantly 

better than the baseline LSTM (77%). 

Keywords-tokenizer; sentiment analysis; text mining; NLP; n-gram; word vector; GMM; LSTM 

I. INTRODUCTION  

The expansion of e-commerce websites has led to the 
collection of huge amounts of user opinions through reviews on 
market products. Most business websites leverage these 
opinion-based reviews to build a sentiment analysis tool to 
track and analyze user buying patterns. Two different aspects 
are used to focus on user reviews: review context and grammar. 

In NLP, most documents are inferred with a weighted context 
rather than the usage of grammar, analyzing the text context 
and sentiment. The huge explosion of user-generated content 
has led to the development of many sentiment analysis 
approaches. Various studies on sentiment analysis have been 
presented, such as feature-driven, lexical-based, and rule-based 
approaches [1]. Feature-driven approaches use machine 
learning models to extract text features. 
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In [2], a promising rule-based approach was discussed to 
extract sentiments from text. In [3], a Rule-Based Model 
(RBM) was used to extract features for improved sentiment 
analysis. Extracting concept-level sentiments using dependency 
rules was discussed in [4]. In [5], various approaches to lexical-
based sentiment analysis were discussed. In [6], a comparative 
study was performed on six lexicons. In [7], learn-based 
approaches were combined with lexicon analysis to enhance 
concept-level sentiment understanding. In [8], a lexicon-based 
scalable sentiment tool was discussed.  

Text categorization using N-grams was discussed in [9], 
comparing the N-gram frequencies for text classification and 
showing better performance with varied text errors. In [10], an 
N-gram lexicon was presented to better understand text 
sentiments, combining unigrams with intensifiers to extract 
product review sentiments. In [11], the focus was on improved 
data extraction through N-grams, as not all N-grams provide 
abstract sentiment. In [12], a weighted approach was proposed 
to extract the most important N-grams. The adaptation of N-
gram Gaussian Mixture Models (GMM) to sentiment analysis 
was discussed in [13, 14], showing that GMM clusters can 
transfer sentiments from one domain to another. In [15, 16], 
synthetic data generation used GMMs for sentiment analysis. 
In [17-19], computational efficiency was addressed from a 
variety of perspectives, introducing an online learning 
framework for EM-based estimation of GMMs.  

In [20, 21], Twitter sentiments were examined with and 
without stop words. Many advanced NLP text mining 
approaches have emphasized the need for domain-specific stop 
words [22]. Some text mining approaches considered a stop-
word filtering mechanism based on the most frequent words 
[23]. In [24], a comparative study was conducted on the effect 
of stop-word removal on extracting sentiments from movie 
reviews. In [25], various machine-learning approaches for 
sentiment analysis were discussed. In [26], sentiment extraction 
on Twitter data was presented using machine learning models. 
The empirical discussion in [27, 28] showed better 
performance of a Bayes model over a support vector model in 
sentiment classification. Deep learning techniques for 
sentiment analysis have been presented [29]. Sentiment 
analysis using convolutional neural networks was discussed in 
[30], while the impact of hyperparameters on LTSM was 
explored in [31]. 

Current research has evolved with many NLP approaches to 
understand sentiments through contexts using various text 
analytic methods. Among them, N-gram analysis has been 
more practiced for analyzing the text sentiments. The relevance 
of the word is better understood with N-gram analysis, as it 
aids in building a rich set of text features that could increase the 
performance of any ML or DL model. As the number of N-
grams increases, the method suffers from data sparsity. Here, in 
the training data, a lot of N-grams could show up very 
infrequently or not at all. For unseen sequences, this leads to 
zero probability estimates, which yields predictions that are not 
accurate and weakens the model's ability to predict meaningful 
sequences. To address this problem, probabilistic models are 
coupled with N-gram analysis, and one such approach is using 
probabilistic GMMs.  

GMMs present the probability distribution of N-grams as 
different distribution clusters. N-grams sharing the same 
contextual meaning fall into similar clusters, providing a better 
representation of data sparsity. This work took advantage of N-
gram analysis using GMM models and trained the LSTM 
model for sentiment classification. GMM N-gram tokens were 
converted to sequence data to build the proposed approach. 
User reviews for a particular product were extracted from the 
Amazon website to build the dataset used in this study. 

II. BACKGROUND STUDY AND THE PROPOSED 

APPROACH  

Although there are many works on N-gram sentiment 
analysis, the proposed approach focuses on the N-gram 
analysis using a GMM tokenizer. 

A. N-gram Tokenizer 

N-gram modeling is an effective method for text analysis 
and NLP. N-gram analysis includes the analysis of N-word 
substrings of longer strings. N-gram analysis can also be 
character-based. To preserve the linguistic and contextual 
meaning of the text, word N-grams are mostly preferred. N-
grams are most used in predictive analysis of text (to predict 
the next word).  

Some single English words, such as happy, sad, and 
unhappy, will directly show off the hidden sentiment within 
them. But the real mesh is with words such as not, cannot, too, 
very, etc., which accompany single sentiment words. Their 
appearance with single direct sentiment words completely 
changes the sentiment of the text, resulting in huge 
misclassifications. A deeper analysis of such accompanied 
words can be achieved through word N-gram tokenization. N-
gram tokenization is a method of separating words with a 
sequence of two or more. 

B. Gaussian Mixture Model (GMM) Tokenizer 

As a probabilistic function, the Gaussian mixture is a 
mixture of several Gaussians, where each Gaussian is a cluster 
and is identified by � ∈ {1, … , �}, where �  is the number of 
clusters. Each Gaussian cluster has the following parameters: 

 Mean 	, defining the Gaussian cluster center. 

 Covariance parameter 
, defining the width of the Gaussian 
cluster. 

 A probability measure � that gives the size of the function. 

GMMs are typical probabilistic models that work under the 
assumption that data is generated from a mixture of several 
Gaussian distributions, each with its own mean and covariance 
matrix. Figure 1 shows Gaussian distributions represented 
under three clusters, which can represent three text sentiment 
categories: negative, neutral, and positive. Each cluster is 
represented by a Gaussian distribution curve. Cluster 1, 
centered at point 	₁ , shows the distribution of tokens with 
negative sentiments. Cluster 2, centered at point 	₂, shows the 
distribution of tokens with positive sentiments. This curve is 
slightly taller than the others, showcasing a smaller variance. 
Cluster 3, centered at point 	₃, shows the distribution of tokens 
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with neutral sentiments. The three Gaussian distributions 
partially overlap, particularly between adjacent clusters.  

 

 

Fig. 1.  GMM cluster distributions. 

The GMM tokenization model works on a set of parallel 
GMMs, each acting as a tokenizer producing tokens of the 
highest probability. The Gaussian mixture statistical methods 
are applied to find the likelihood scores of each token. The 
GMM succeeds in mapping feature vectors to regions of 
acoustic space that correspond to relevant Gaussian 
components. The sentences are modeled by bigram models, in 
which the probability of sequences of two consecutive tokens is 
given by the following relation: 

����|����� � �� � ����|����� � �� � ����� � �� (1) 

where �� = 0.69, �� = 0.35 and �� = 0.01 are fixed constants, 
and �� and ���� are any two successive tokens. 

C. Using the GMM for N-gram Tokenization  

The usual N-gram tokenization is a rule-based approach 
that splits the text into fixed sequences by preserving the 
contextual meaning of the tokens. However, N-gram 
tokenization fails to understand the nuanced relationships 
between tokens, where contextual dependencies, polysemy, and 
collocations are frequently encountered. Previous studies have 
shown that the usual N-gram tokenization is less adaptable to 
varying text sentiments. 

The GMM tokenizer overcomes all these disadvantages of 
the usual N-gram tokenizer using the probability distributions 
of the contextual words where the tokens can belong to 
multiple clusters. The token belonging to a relevant cluster has 
the highest probable score. This probabilistic approach captures 
the inherent ambiguity in NLP more effectively. GMM 
probabilities refer to the surrounding context, providing a more 
accurate tokenization by considering the probability 
distribution of neighboring tokens. 

D. Proposed Approach for Sentiment Labeling 

1) Data Cleaning and Feature Extraction from Text Reviews 

The text reviews were cleaned and preprocessed by 
applying various feature engineering approaches such as 
stemming and lemmatization. After removing the stop-words, 
the corpus is subjected to bigram analysis to observe how the 
top sentiments vary. For example, for the sentence "the fox ran 
to the top of hill", the bigram tokenization is 

(the,fox),(ran,to),(the,top),(of,hill). From the cleaned text, 
reviews and numerical features, such as word embeddings, are 
extracted by giving the cleaned reviews input to the BERT 
model. 

2) Modeling LSTM for Sentiment Labeling 

LSTM was used for review sentiment classification. Many 
deep learning models have been introduced for this purpose 
[32]. LSTM outperformed by capturing long-distance 
dependencies of sequential data, just by introducing a cell stage 
that could preserve the state information for a long period of 
time. LSTM succeeded RNN by addressing the vanishing 
gradient issue. Variable-length sentences are transformed into 
vectors of fixed length by LSTN units. An LSTM unit takes 
input from six vectors at each time step ℎ �� as shown below:  

! �  #$��% ∗ ' � (% ∗ ℎ �� � )%�  (2) 

* �  #$��+ ∗ ' � (+ ∗ ℎ �� � )+�  (3) 

� 
� � ,-.ℎ��/ ∗ ' � (/ ∗ ℎ �� � )/�  (4) 

� � ! ∗ � 
� � * � ��    (5) 

0 � #$��1 ∗ ' �  (1 ∗ ℎ �� � )1�  (6) 

ℎ � 0 ∗ 2345�� �    (7) 

where ! , * , �  and 0  are the input gates, forget gates, 

memory cells, and output gates of the LSTM at time ,. �%, �+, 

�/, �1 and (%, (+, (/, and (1 are the weights corresponding to 

input '  and hidden units ℎ ��, in respective gates. 

3) GMM N-Gram LSTM Word Embedding 

The word embeddings that are used in the proposed LSTM 
are modeled by the GMM N-gram tokenizer. A review of 
length 4 is represented as a matrix �6, 4� where each column is 
presented as a 6-dimensional word embedding vector for each 
word. Here 7  is the feature vector. In general, LSTMs are 
modeled for time-based sequence data. As shown in Algorithm 
1, the process takes an input sequence, a sequence of words, 
generates N-grams for 8 = 2, and constructs the embeddings. 

Algorithm 1: Generate N-gram embeddings 
Input a sequence of words: 
W = [W1,W2,…,WTi] where Ti is the length of 
the sequence. 
For each token wi, generate N-grams N = 
[N1,N2,…,NTj], where Tj is the length of the 
N-gram sequence.  
Fit a Gaussian distribution on N to output 
the GMM cluster distribution components. 
Let C be the number of GMM components.  
For each N-gram component, generate the 
probability P(Ni| θj), where θj is the GMM 
component. 
Generate the word embeddings using the GMM 
model given by  
9% �  ∑ ��8%|;<�	<

=
<>� , where μj is the mean 

vector of the j-th GMM component. 
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4) Procedure to Incorporate GMM Outputs into an LSTM 

Given a review matrix 4 , the GMM N-gram tokenizer is 
applied to this input via a density function � . This model 
tokenizes the whole review with bigrams. The output of the 
GMM is a continuous probabilistic. A single Gaussian 
component has a density function given by: 

��7|	?, 
?�  �
�

���@�
A
B  | ∑ ?|�/�

3���/��D�EF�GHFIJ�D�EF�� (8) 

where 6 is the dimensionality of 7, and 	? is the K-th Gaussian 
component. 

As LSTM is modeled on sequence data, continuous data are 
discretized by passing the GMM output into a sliding window 
of size , to generate sequence data at regular time intervals, and 
the data is tabulated to be given input to LSTM. Figure 2 shows 
the three bigram GMM distributions. The contextual bigrams 
showing positive sentiment fall into the Positive GMM 
distribution, and negative bigrams fall into the Negative GMM 
distribution, as shown in Figure 2. Points belonging to multiple 
clusters show different probability scores based on relevancy. 

 

 

Fig. 2.  Bigram GMM distributions showing three text sentiments. 

5) Architecture and Training GMM N-gram LSTM Model 

Figure 3 shows the architecture of the proposed model. 
Algorithm 2 shows the LSTM training using word embeddings. 
The cleaned text is passed into a BERT model for embedding 
vectors. These continuous vectors are then given to the GMM 
N-gram module to obtain the bigram sentiment distributions.  
The GMM N-gram model is trained to minimize the cross-
entropy error:  

L�7% , M%�  �   ∑ 1{M% � N}? 
<>�  4OP�M<

%�  (9) 

which 1{M% � N}  is a conditional indicator, if true returns 1, 
otherwise 0. 

On minimizing the cross-entropy loss, the output from the 
GMM N-gram module is converted to sequence data to be 
modeled by the LSTM classifier. A sliding window is operated 
with a size ,  to take the probabilistic continuous data and 
convert it to the required sequence data. 

Algorithm 2: LSTM training with GMM 
outputs. 
1. Input the generated word embeddings 
from the GMM 9 � {9�, 9�, … , 9Q}. 
2. Simulate LSTM to update the cell states 
and the hidden states given by (2)-(7). 
3. Output the sentiment from the final 
hidden state ℎ . 

 
The LSTM model is trained with the BPTT algorithm to 

preserve the cell state. The SGD algorithm was used for 
parameter learning, along with ADAM for optimization. 

 

 

Fig. 3.  GMM N-gram LSTM architecture. 

The proposed GMM N-gram LSTM was trained using the 
parameters shown in Table I. 

TABLE I.  PROPOSED MODEL PARAMETERS 

Model parameters Value 

Learning rate 0.01 

epochs 50-100 

Hidden layers 5 

Optimizer  ADAM 

Loss metric Cross-entropy 

 

III. EXPERIMENTAL RESULTS 

The effectiveness of proposed the method was validated by 
comparing it with the traditional LSTM classifier. 

A. Dataset 

Experiments were carried out by initially scrapping reviews 
for an Amazon product, extracting nearly 7500 reviews. The 
dataset is available in [33]. The dataset included both long- and 
short-type reviews and was cleaned using various text 
preprocessing approaches. Finally, nearly 2500 short reviews 
were removed.  

B. Performance Metrics 

Two metrics were used to evaluate model performance, the 
ROC curve and the Precision-Recall curve, as the dataset is a 
little imbalanced. 
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 ROC curve: The ROC curve shows the trade-off between 
the true positive rate (sensitivity) and the false positive rate 
(1-specificity). 

 Precision-Recall curve: The precision-recall curve shows 
the trade-off between precision (positive predictive value) 
and recall (sensitivity). 

C. Experimental Results 

The proposed GMM N-gram LSTM model was compared 
with a baseline LSTM that did not include GMM N-gram 
analysis. Figure 5 shows the increase of true positives when 
modeled using GMM N-grams. The accuracy of the proposed 
model was 85%, whereas that of the baseline LSTM was 77%, 
as shown in Figure 6.  

 

 

Fig. 4.  Performance of baseline LSTM. 

 
Fig. 5.  Performance of GMM N-gram LSTM. 

 

Fig. 6.  GMM N-gram LSTM vs baseline LSTM. 

IV. CONCLUSIONS 

Today, businesses can take advantage of technology to 
establish stronger relationships with customers. To enhance this 
relationship, product review analysis is required. Many 
sentiment analysis tools have been proposed, but one way or 
another, these tools fail to give better recommendations. 
Working with varied user reviews with diverse sentiments, 
businesses now face the real challenge of a perfect sentiment 
analysis method that can meet their needs. This study used a 
GMM tokenizer to perform the N-gram analysis of text, where 
the resulting data were modeled by an LSTM classifier. The 
proposed approach was compared with a baseline LSTM 
classifier on Amazon product reviews, and the experimental 
results demonstrated that the GMM N-gram LSTM model 
outperformed the baseline LSTM model. 
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