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ABSTRACT 

Sentiment analysis is based on extracting features from customer reviews using topic modeling and Latent 
Dirichlet Allocation (LDA) from large textual data to extract useful information. Different methods have 

been proposed to adapt LDA to short texts. This study uses a Pachinko Allocation Model (PAM)-based 

method to examine opinions and extract aspects related to product information, using data augmentation 

to improve model training. Feature extraction is performed using the TF-IGM and TF-IDF-ICSDF 

methods, and an opinion lexicon is used to extract sentiment. The experimental results show that the PAM 

method provides accurate results in extracting aspect sentiments. The proposed method was compared 

with existing models and evaluated on two datasets for sentiment classification of reviews, achieving better 
accuracy. 

Keywords-feature extraction; PAM; aspect-based sentiment analysis; topic modeling 

I. INTRODUCTION  

As internet applications expand, the volume of brief 
messages containing client comments has increased massively. 
Along these messages, feeling examination and client 
assessment mining have become important themes using 
different granularities of sentiment analysis. Comments are 
classified into negative and positive reviews to assess user 
attitude. However, in most cases, more than sentiment analysis 
is required at this level. Aspect-Based Sentiment Analysis 
(ABSA) should be used for a more comprehensive evaluation, 
extracting what users say about products, such as the polarity 
of their feelings and preferences. It is important to note that 
only the overall sentiment of a text may be discerned by 
sentiment analysis, as opposed to ABSA. Instead of analyzing a 
text's overall emotion, ABSA approaches allow linking distinct 
thoughts with different traits or qualities of a product or 
service, digging deeper into the content of a text to uncover 
hidden meanings, offering more specific results. 

In [1], classic machine-learning techniques were used to 
improve sentiment analysis, with One R being superior to 
Naive Bayes, J-48, and BF tree. In [2], the ABSA challenge 
was examined in Arabic hotel reviews using deep Recurrent 
Neural Network (RNN) and SVM classifiers, the latter being 
better in terms of classification accuracy. In [3], SVM and 
ANN classifiers were used to analyze extracted features, with 
the ANN outperforming the SVM by a small margin. In [4], 
synthetic training samples for ABSA were produced using 
large language models in low-resource environments. 

This study presents an ABSA classification model for 
product reviews using sentiment analysis and the Pachinko 
Allocation Model (PAM) to classify sentiments for products 
and services. As trust is the primary concern in online 
purchases, a model should rapidly assess user sentiment toward 
a product and its essential features with little computational 
effort. This study tested the proposed model on hotel and 
smartphone phone reviews. Latent Dirichlet Allocation was 
used to extract topic and product information, and PAM was 
used for topic modeling to identify features in reviews. PAM 
can be beneficial in sentiment analysis, as it can reveal 
complex connections between subjects and sentiment polarity 
scores, performing very well in sentiment classification. This 
study evaluates different emotions, improves ABSA 
performance in product reviews, and efficiently classifies 
sentiment information. 

Several studies on sentiment analysis have been published 
in the literature, especially in recent years. In [5], natural 
language processing and sentence syntactic analysis were used 
to extract aspects, adhering to a set of guidelines based on word 
PoS tags. In [6], a rule-based strategy was proposed for ABSA, 
based on greedy search and simulated annealing to find the 
ideal rules. In [7], a graph data structure was used for ABSA in 
Chinese social media communications. The aspect words are 
nodes in the network, and each edge is weighted based on the 
emotional connection between the two nodes. The graph data 
structure was combined with these word embeddings. Recently, 
the use of sentiment analysis techniques, such as word 
embeddings, has increased. In [8], it was stated that word 
embeddings in sentiment analysis have improved. This study 
considered all PoS tags, lexicon-based techniques, word 
position algorithms, and word embedding algorithms, finding a 
higher degree of success. In [9], two approaches for sentiment 
analysis were presented, one using a genetic algorithm and the 
other based on the frequency of phrases in favorable and 
unfavorable remarks. In [10], product reviews from several 
websites were used for experiments. 

The Latent Dirichlet Allocation (LDA) method can process 
large datasets and lengthy documents. It is essential to know 
how often a particular term appears in the document using 
LDA. However, LDA is useless for short texts because there 
are not enough co-occurrence patterns and data. The study of 
LDA adaptation for brief texts is a hot topic. In [11], an 
additive regularization method was proposed for sentiment 
analysis. Long-Short-Term Memory (LSTM)-based strategies 
have recently risen to prominence in the ABSA challenge. In 
[12], clinical remarks from ICU patients were used to build a 
mortality prediction model. In [13], the combination of PDA, 
LSTM, and CRF was proposed to discover named elements 
from user-generated social media data that are uncommon or 
new. In [14], an LDA-GRU hybrid model was proposed for 
feature extraction and sentiment classification of texts. In [15], 
a sentiment classification approach was developed based on 
machine learning methods using Amazon product reviews. 

II. BACKGROUND 

A. Pachinko Allocation Model 

A Discrete Acyclic Graph (DAG) structure is used in the 
probabilistic PAM to show and identify sparse topic 
correlations [16]. Table I shows the detailed notation in PAM. 
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TABLE I.  NOTATIONS OF PAM 

V Words vocabulary ��� , ��, ��, … , ��	 

R The root, a special topic in T 

T A set of topics �
�, 
�, 
�, … , 
�	 

D A document, the comments in this study �
��
 � Dirichlet distribution associated with the topic 

 ��
  The � th topic sampled for word � ��
���
 Multinomial distribution sampled from topic 

 for document � 

 
PAM can be used to create new documents and search for 

documents in a database, just like other topic models. The 
procedure required to create a document in PAM is as follows: 

1. Sample ������, ������, … , ������
 from ������, ������, … , ������, where ��
���

 is the multinomial distribution of 

topic 

  over its children. 

2. The topic route is sampled whenever � appears in the text. 

Since ���  is the root and ���  through ����  are topic 

nodes in topics T, the �� of length �� is sampled. ��
 is 

a ��
��  descendant sampled using a multinomial 

distribution. The word � is sampled from ��������
. 

The combined likelihood of creating document �  is 
established by: 

� ��,  ���, !�"�# $ % ∏ � '!()�"�
#) * +�
,�   

∑ .∏ �.��
/�������� 0�.�/�������� 0��
,� 0�    (1) 

��1$ % 2 ∑ �.��
���/�
0 + ∏ � ∑ �∏ � ���
/��
,�34�
,�            �34�)56���� $ �.�/�3������ 0$ �����   (2) 

B. Parameter Estimation 

The default setting of 1e-3 was used for the Adam 
optimizer for the entire model. The batch-size setting and 
initialization impact the topic coherence, particularly for the 
smaller smartphone reviews and hotel reviews datasets. The 
encoder capacity was set using a grid search while switching 
between the two datasets. In general, for PAM, the encoder 
capacity should increase as the vocabulary size does.  

78�9
: % �;) + ∑ �)<�"�
�)�"��     (3) 

=�>�
: % �;) + ∑ ��)<�"�
�)�"� ? @8�9
:���    (4) 

@
: % AB1�)< +.��AB1�)<0C1D)< ? 1   (5) 

∝
:% AB1�)<
GHIJ∑ KLM�N)<$< OP56 Q     (6) 

C. SentiwordNet 

Polarity was determined using SentiWorldNet 3.0 [17]. 
This technique is based on the training of a group of ternary 
classifiers, each of which can determine if a synset is objective, 
negative, or positive. The classification results of the WordNet 

synsets are different for each ternary classifier due to 
differences in the training sets. The normalized percentage of 
ternary classifiers that have given a synset the corresponding 
label results in opinion-related ratings for that synset. Each 
label has a score proportionate to the number of classifiers 
assigned, but if all ternary classifiers agree to give the same 
label to a synset, then the label will get the maximum score for 
that synset. Synsets have scores ranging from -0.75 to 1.0, and 
their total is 1.0. A synset might have non-zero scores in each 
of the three classifications, showing that the related words have 
some of the three viewpoint attributes to some degree, as 
demonstrated by the synset. 

III. PROPOSED METHOD 

The datasets were preprocessed, forming a collection of 
tokenized words. A separate database was maintained for the 
sentiment analysis of tokenized sentences. PAM is applied to a 
bag of tokenized terms to produce the subject word 
distribution. These fundamental elements were recognized 
using POS criteria and likelihood values. These aspects are 
ranked according to their probability distribution value on the 
subject. Aspect classification is aided by adding domain-
specific terms as extended aspect terms. In the same way, the 
emotion score is determined for each of the other aspects. The 
average sentiment score can be used to determine the sentiment 
strength of a particular aspect in the review data. These reviews 
are analyzed as shown in Figure 2 and Algorithm 1.  

 

 
Fig. 1.  Flowchart of the proposed method. 

Algorithm 1: Proposed Method 

Input:  Review Data 

Output: Reviews per aspect category in  

        sentiment 

Step 1: Input review corpus 

Step 2: Data preprocessing using  

        tokenization, stop words, and PoS 
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        tagging etc 

Step 3: Data augmentation 

Step 4: Feature extraction methods: TF- 

        IDF-ICSDF, TF-IGM(8) 

Step 5: Apply sentiment lexicon algorithm  

       (SentiWordnet) 

Step 6: Categorize aspects into various  

        groups 

Step 7: Apply PAM for topic-word  

        probability 

Step 8: Aspect probability values 

 

A. Dataset Description 

This study used two datasets from two different fields. The 
Europe Hotel Reviews dataset contains several fields available, 
but this study used only a few, specifically those that are 
Negative, Positive, Neutral, and Reviewer scores [18]. Figure 2 
shows two word clouds for the Hotel negative and positive 
reviews. A smartphone dataset was also used, which included 
9716 reviews of different smartphones [19]. Both datasets are 
freely available. Since ABSA is a major challenge in the field 
of data analysis, this study used a large amount of reviewer 
comments to evaluate the proposed model. 

 

 
Fig. 2.  Word cloud of Hotel Negative (left) and Positive (right) reviews 

TABLE II.  DATASET STATISTICS 

Dataset Total 

Hotel reviews 1493 

Smartphone reviews  9716 

 

B. Data Preprocessing 

Text preprocessing is a three-step process that includes the 
following: (i) Tokenization is the process of splitting large 
words into small tokens, (ii) Stop words removal is used to 
remove unnecessary words such as is, was, were, etc., from the 
given input dataset, and (iii) PoS tagging is used to identify 
each word and assign it to some grammatical tags, such as 
adjective, noun, and verb. PoS can understand each word with 
various NLP analysis tasks. NLP tools are used to correct types 
and perform morphological analysis tasks. 

C. Data Augmentation with Random Word Replacement 

Data augmentation is the process of applying several 
alterations to current data in order to artificially expand the size 
and variety of a training dataset [20]. This is especially helpful 
when the initial dataset is small or when enhancing a model's 

capacity to generalize to new data is required. Two stages are 
crucial in the data argumentation framework: 

 Random Insertion: This technique chooses a random word 
in a phrase, and a Natural Language Toolkit (NLTK) is 
used to discover a synonym and then insert it at a random 
location. The target phrase should not contain the insertion, 
which is ensured by substituting a fixed expression for the 
target before the insertion. Next, the phrase is appended to 
the training data, and the target expression is substituted 
once more for the fixed expression.  

 Synonym Replacement. This technique is used to find a 
synonym for a random word in a phrase and substitute it. 
The same process as above can be used to ensure that this 
phrase cannot be chosen for the synonym substitution, but a 
fixed expression can be substituted for the target.  

D. Feature Extraction Methods 

This part suggests a two-term weighting strategy called TF-
IDF-ICSDF and TF-IGM to effectively communicate the 
ability of terms to differentiate from the vector space model. 
TF-IDF-ICSDF and TF-IGM are the names of these two 
weighing systems, respectively. They contain term frequency 
components from the weighting schemes TF-IDF-ICSDF, TF-
IGM, and TF-IGM. 

E. TF-IDF-IC-SDF 

IC-SDF accounts for the distribution of inter-class 
documents to calculate weighting values for each term [21]. 
Calculated using the TF-IDF-IC-SDF term weighting system, 
this term's weighting value uses class-specific data values (

) 
and the number of texts in class R: 

STU.WXU.WYZXU�

� % [\�

 , �]� ∗ _1 ` ab� � X���)�$c ∗
          d1 ` ab� e Y∑ "f)<g<h<i6 jk    (7) 

F. TF-IGM 

This new supervised term weighting strategy combines the 
TF and Inverse Gravity Moment (IGM) information of terms as 
the collection frequency factor. IGM is a statistical model 
modified for term weighting purposes [22]. There are a few 
ways to compute inter-class distributions, and the IGM 
approach is one of the most commonly used. TF-IGM is 
calculated using: STU�Wlm�

� % [\�

 , �]� ∗ �1`∝∗ n)6∑ n)o ∗Dhoi6 $ (8) 

The word frequency of the phrase 

  is expressed by the 
constant p
D . Sorting documents by frequency and then by rank �> % 1, 2, 3, . . . , s�  is the basis of the IGM weighting 
approach. This equation includes a balance parameter, with a 
defined range of values of 5.0-9.0, with the anticipated value 
being 7.0. 
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IV. EXPERIMENTAL RESULTS AND ANALYSIS 

This study calculated an overall ABSA average value by 
averaging the scores for each category. Tables IV and V 
evaluate the performance of the proposed and different existing 
methods, such as ANN, SVM, LDA, Random Forest (RF), and 
ViT, to determine the best method for smartphone and hotel 
review sentiment evaluations, respectively. The results suggest 
that the proposed model achieved better results in terms of 
accuracy. The LDA model is improved using PAM, which uses 
DAG to incorporate topical relationships. The model can better 
capture semantic links and generate more coherent themes with 
this method. PAM may find more significant and cohesive 
themes in a dataset by considering topic correlations and 
improving the interpretation of the findings. The Sentiment 
Analysis (SA) values are classified into 3 classes: Positive (P), 
Negative (N), and Neutral (Ne). 

TABLE III.  COMPARISON OF POSITIVE, NEGATIVE, AND 
NEUTRAL REVIEWS FOR SMARTPHONE REVIEWS 

Method Dataset SA A P R F1 

PAM 

Smart-

phone 

reviews 

P 97.09 96.18 98.46 97.30 

N 86.17 86.19 87.43 86.80 

Ne 81.14 80.29 83.37 81.80 

ANN 

P 89.19 89.14 87.13 88.12 

N 83.07 83.21 85.71 83.42 

Ne 81.51 81.59 83.74 82.65 

SVM 

P 79.09 79.01 79.46 79.23 

N 73.14 72.19 72.81 72.49 

Ne 76.05 75.12 75.97 75.54 

LDA 

P 87.45 88.71 89.09 88.89 

N 81.24 82.19 83.76 82.96 

Ne 75.08 72.91 72.81 72.85 

RF 

P 71.19 72.57 73.87 73.21 

N 78.41 78.09 76.86 77.47 

Ne 75.07 73.67 78.09 74.82 

ViT 

P 92.21 91.03 93.25 92.12 

N 91.71 89.29 90.31 89.79 

Ne 88.67 87.37 89.47 88.40 

TABLE IV.  COMPARISON OF POSITIVE, NEGATIVE, AND 
NEUTRAL HOTEL REVIEWS 

Method Dataset SA A P R F 

PAM 

Hotel 

reviews 

P 95.11 96.51 93.36 94.90 

N 85.21 86.39 83.13 84.72 

Ne 80.15 82.12 79.37 80.72 

ANN 

P 82.21 84.54 80.34 82.38 

N 82.17 83.21 80.81 81.99 

Ne 81.01 82.79 81.45 83.12 

SVM 

P 78.09 79.01 77.56 78.27 

N 70.19 71.24 69.51 70.36 

Ne 74.25 75.42 72.47 73.91 

LDA 

P 88.25 89.31 86.91 89.61 

N 83.24 85.79 80.86 83.25 

Ne 77.58 78.11 75.14 76.59 

RF 

P 76.11 77.27 74.71 75.96 

N 79.12 80.29 77.16 78.69 

Ne 77.77 78.09 75.01 76.51 

VIT 

P 93.29 90.35 93.47 91.88 

N 91.67 89.92 90.15 90.03 

Ne 86.91 85.91 87.68 86.78 

 
The performance of the classifiers is evaluated using 

precision measurements. A better precision score means that 

the data is classified more accurately and has fewer false 
positives. Recall is used to evaluate the thoroughness or 
sensitivity of a classifier. The data is classified with fewer false 
negatives when the recall value is higher. Figures 3 and 4 show 
the results of different models on the two datasets. Figure 5 
shows the ROC curve and AUC for the different models tested 
on the Hotel reviews dataset. 

 

 
Fig. 3.  Aspect sentiment scores for smartphone reviews. 

 
Fig. 4.  Aspect sentiment scores for hotel reviews. 

 
Fig. 5.  Analysis of ROC and AUC. 

Figure 6 shows the execution time for the proposed and 
other models in the smartphone and hotel review datasets. 
Figure 7 compares the accuracy of the proposed method using 
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two other popular sentiment analysis lexicons, Valence Aware 
Dictionary and sEntiment Reasoner (VADER) [23] and 
AFINN [24]. SentiWordNet offered a better sentiment 
classification approach in these datasets in terms of accuracy 
performance. Figure 8 shows the confusion matrix of the 
results for the same dataset. 

 
Fig. 6.  Execution time for different methods. 

 
Fig. 7.  Accuracy using different sentiment lexicons. 

 
Fig. 8.  Confusion Matrix for hotel reviews. 

V. CONCLUSION 

This study presented a method for ABSA using a PAM 
model and SentiWordNet. This approach involved preparing 
the datasets using unstructured review data. This method can be 
used for several types of review data by making minor 
adjustments. PAM is a probability-based approach for 
extracting different sentences and similar product-based 
comments. The novelty of the work is the use of PAM and 
SentiWordNet to coextract aspects and opinions. Since deep 
learning and word embedding techniques have become popular 
in recent years, several studies have shown that PAM gives 

better results in aspect-based analysis. Future research 
directions involve improving sentence segmentation or using 
different algorithms. Experimental analysis shows that the 
combination of PAM and WordNet outperforms previous state-
of-the-art models for aspect-based sentiment classification 
tasks. 

DATASET AVAILABILITY STATEMENT 

The dataset is open source and publicly available. 
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