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ABSTRACT: Sentiment analysis is a technique for analyzing a piece of 
text to determine the sentiment contained within it.This is a powerful 
Artificial Intelligence system with major business ramifications. 
Sentiment Analysis is performedby merging natural language 
processing(NLP) and machine learning (ML).Using basic sentiment 
analysis, the software can identify whether the emotion behind a piece 
of text is positive, negative, or neutral.We proposed a syntax-based 
aspect identification algorithm to identify the sentiments of reviews. The 
goal of this paper is to generate a feature for aspect-based sentiment 
analysis using the term frequency-inverse document and bag of a word, 
as well as to develop a model using a statistical learning approach.The 
dataset includes trip advisor reviews of various hotels. There are 
around 20,000 reviews in this dataset. Before utilizing Bow and TF-IDF 
to extract features, the data was cleaned and pre-processed. Training 
and evaluation were performed out after the classifiers were 
implemented. The accuracy of a classifier is measured using evaluation 
metrics. Out of the four classifiers used to assess accuracy, Logistic 
Regression has the highest accuracy in the TF-IDF. With logistic 
regression,the accuracy in TF-IDF was 83percent and the classification 
rate in Bag of Words was 80%. 

1. INTRODUCTION 
The study of people's attitudes and thoughts on things like products, services, and subjects, as well as 
their attributes, is known as sentiment analysis.Due to its relevance to practically every imaginable 
issue, ranging from patron things, amenities, and medical management to social and political activities, 
this discipline has become an active research area since 2000[4].The most important task in aspect-
based recognition, extraction of aspects in sentiment analysis is increasingly being a hot topic of 
research[2].ABSA is a method that considers the sentiment linked with each of the aspects is 
determined by the phrases associated with them.The model requires feature categories and their 
matching aspect words to extract sentiment for each aspect from the body of text. The most common 
type of opinion mining is aspect-based opinion mining, which extracts features from the text. The 
system is trained for higher accuracy using a supervised training method. It was formerly used to 
instruct the machine on review trends[3].For a specific implementation, a domain-specific model can be 
created; however, general language models can also be employed. For example-Take thistrip advisor 
hotel reviews, for example: “The location was great but the service was poor”Because there are 
multiple sentiments and topics in a single sentence in this scenario, categorizing the entire evaluation 
as positive or negative would be wrong. Aspect-based sentiment analysis extracts and differentiates 
each sentence's aspect and emotion polarity. The elements, in this case, are location and service, 
resulting in the sentiment attribution below: 
Location was great, here Location → Positive 
And the service was poor, here Service → Negative 
 
It sorts unstructured data using natural language processing and converts it into manageable data that 
can be analyzed. Aspects refer to the characteristics or components of a product or service, such as 
the user experience of a new product, the response time for a query or complaint, or the simplicity of 
integrating new software. With this analysis, companies can capture the intricacies of individual 
attributes, components, or entities, making it easier to determine what customers like and dislike. Using 
our method and syntactic dependency parsing, we extract aspect as well as sentiment and calculated 
features, by applying a machine-learning algorithm to it. For syntactic dependency, we use the SPACY 
NLP library. 
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2. LITERATURE REVIEW 
Analysis of sentiment is a computer process of finding and categorizing opinions expressed in a text to 
establish whether topic, product, or another object. In a nutshell, it's the interpretation and classification 
of feelings.Because it provides qualitative insights, it is particularly valuable for social media 
monitoring. It goes beyond the number of likes or retweets. 
 
The methods extracted the most essential components of the evaluations and define the emotions 
that go with them. Inthis method, theyused language processing techniques and rules to tackle a wide 
range of issues in sentiment analysisandproduce a summary of finding. The aspect extraction 
accuracy improves dramatically when implicit aspects are taken into account, according to the 
ascertaining. This model outperforms support vector machine-based machine learning techniques [1]. 
They presented their work in this study, which contained a one-of-a-kind dataset containing domain 
characteristics of government smart apps as well as opinion phrases. They also described the 
methodology used to calculate sentiment ratings for opinion terms and built the appropriate lexicons 
[2]. The numerous sentiment approaches are examined in this research. Part of speech, tokenization, 
and lemmatization is utilized in the proposed architecture for categorizing and detecting fraudulent 
reviews into positive and negative categories. The suggested approach appropriately worked [3]. 
They used a linguistic approach to determine the opinion’sphrasedecided byprior ratings of individual 
words and the clause's grammatical dependency structure. A subjective lexicon is used to generate 
SentiWordNet. Negativity is handled with caution.Scores in the output can be utilized to find the most 
positive and negative clauses or sentences concerning specific movie characteristics [5]. As apart of 
SemEval-2014 shared task participation,they presented their work on aspect term extraction and 
sentiment classification in this paper. The extraction method for aspect terms is based on a 
supervised learning algorithm in which they used various classifiers and then combined their outputs 
using a majority voting mechanism. Random Forest is used to classifying sentiments [6].ABSA is one 
of three basic types of analysis, in which various features of entities are used to determine opinion 
orientations at the granule level.The approach of ML and DL have made significant contributions to 
aspect-oriented sentiment analysis surveys were presented in this work [7].They 
evaluatedoverallWithin the multilingual SemEval 2016 venture five datasets, they evaluated the issue 
and sentiment category's overall performance. They demonstrated competitive results for a variety of 
languages (Spanish, English, French, and Dutch) and domain likes (hotels, restaurants, electronic 
devices) [8].This research proposed a framework for sentiment classification based on aspects that 
will detect aspects fast and perform classification tasks with a high level of accuracy.The system has 
been tested using real-world datasets and Excel experiments, and it has been implemented as a 
mobile app that assists travelers in locating the best restaurant or hotel in a city [9].Using an LSTM 
two-layered model, this study proposed a supervised aspect-based opinion mining system. The first 
layer predicts the qualities described in the feedback, while the second layer determines their 
direction (positive, negative, or neutral) [10]. The purpose of this paper was to describe a proposed 
method for extracting features from opinions. When it comes to obtaining online perspectives and 
aspects from data, some characteristics are quite significant. The acquisition of data and comparison 
of alternative approaches for performing aspect-level sentiment analysis in comparison to statistical 
methodologies have also been examined [11]. The study's main contribution is a paradigm that 
assesses sentiments utilizing social network data using data mining and machine learning 
approaches. In comparison to the other well-known classifiers, the TF-IDF approach together with 
Naive Bayes fared better accuracy 81.24 percenton the social networking website Twitter [12].The 
normalization of the evaluation technique, which incorporates the use of shared datasets, is 
advocated, in order to enable the quantitative evaluation of the many proposed methodologies. One 
of the most potential future research directions is “connotation wealthy notion centric aspect-degree 
analysis, that is explored [13]. The researcher suggested a dynamic method of sentiment analysis 
that scans social media messages in real-time and extracts users' opinions. Thisproposedapproach 
entails first creating such a data-driven interactive vocabulary of word polarity. Adding new tools that 
allow you to fine-tune the polarity of a post employing a fixed assortment of hashtags regarding a 
particular topic. They classified tweets relating to the 2016 US election to validate our 
method.Prototype tests delineated high accuracy in sleuthing classes, furthermore as their sub-
classes.[14].They devised a hierarchical neural network. Our algorithm starts by building a 
hierarchical LSTM model to produce sentence and document representations. Following that, user 
and product information is examined via attention over several semantic levels. In comparison to all 
state-of-the-art methodologies, the experimental findings reveal that their model made considerable 
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and consistent improvements.[18]. The suggested method uses the Latent Dirichlet allocation (LDA) 
scheme to extract illustrative keywords from each subject's abstract. The k-means clustering 
technique is used to categorize the whole set of papers into studies papers with 
comparable topics[19]. This work explained the two-step method (aspect and polarity classification) 
for which they employed conjunction with the experimental setup just for identifying a specific piece of 
textual information based on the positive or negative feedback received [21]. 
 

3. METHODOLOGY 
This research builds a very simple aspect-based sentiment analysis system that's able to take up 
generic concepts and understand the sentiments around them. For aspect extraction, we used 
syntax-based (also known as relation-based) approaches, which discover aspects based on the 
syntactical relationships they are in. Here the adjectival modifier relationship among a sentiment 
phrase and an aspect, as in 'nice room,' where 'nice' is adjective editing the aspect 'room,' is a 
reasonably easy relation. For this, we used spacy, NLP library in Python. Then calculate sentiment 
regarding aspect. By Using a technique of machine learning a classification framework has been 
constructed. The text set and its labels are part of the text classification problem; however, because 
text cannot be used as a model, bound numbers or vectors of numbers need to be converted into 
these texts.  
 
During our study‘trip advisor hotel reviews’ dataset was tailored from kaggle.com was used. The data 
is formatted as a comma-separated value file. Out of the 20k reviews, we have taken 4000 reviews 
from a dataset. ‘Text’ is the first column, and ‘rating’ is the second. It has a positive ratingof (4, 5) and 
for negative is (1, 2), with a neutral rating of (3).We useratings and reviews for our work from this 
dataset.Fig.1 illustrates the proposed methodology. 
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Fig1. Proposed Framework 
 
Preprocessing Steps 
Most words are uncommon, it's hard to infer raw text effectually, and it's frequent for words that 
appear to be wholly different to indicate virtually the same thing. When the same words are arranged 
in a different order, they might have completely different meanings. While it is possible to solve some 
problems using simply raw characters, it is usually preferable to complement the input with linguistic 
comprehension. That is precisely what spaCy is intended to accomplish. Spacy takes input in raw text 
and then provides the final object in the form of a doc object.  We used example reviews from the 
dataset to demonstrate the preprocessing process. The review can be seen below- 
  “Nice hotel, good check fast staff friendly, breakfast cafe good...…” 
 
Our raw data was cleaned first, then tokenized, then the tokens were normalized during these 
operations. Tables 2 through 5 show the preprocessing results.  
 
Text Cleaning- 
At this point, any words or characters, numbers, symbols, etc. that do not contribute to the text's 
meaning have been removed. 

a) Special characters removal - Another text preparation technique that can handle 'wonderful' 
and 'wonderful!' better is this one. 

 

Text Cleaning 

Stop word Removal 

Part-of-speech (POS) Tagging 

Lemmatization 

 Tokenization 

Dependency Parsing 

PREPROCESSING STEPS Using Spacy 

DATA SET 

Aspect Extraction  

Calculate Aspect Sentiment  

Feature Extraction Using TF-IDF     

Split data using into Train and Test set   

     Apply Machine Learning Algorithm 
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sub (actual pattern, replacing pattern, data) 
b) Lowering case- is a basic preprocessing approach, which involves lowering the input text's 

unique token. To overcome the scalability problem and reduce the vocabulary size, we 
employed the lowercasing strategy.  

c) Tokenization-It is the task of breaking down a text into meaningful chunks, known as tokens. 
The tokenizer takes a Unicode text as input and returns a document object as output. 
 

Table 1:Tokenization 

2.2. Rev
iew 

2.3. Toke
nize word 

nice hotel good check fast staff frien
dly breakfast cafe good 

nice 
hotel 
good 
check 
fast 
staff 
friendly 
breakfast 
café 
good 
 

 
Lemmatization- Words are assigned to their fundamental forms. For 'was,' the lemma is 'be,' while 
for 'rats,' the lemma is 'rat. 
 
 
for token in doc: 
print (token. Text,"--> “, token. Lemma_) 
 

Table 2: Lemmatization 

Tokens word After Lemma 

nice 
hotel 
good 
check 
fast 
staff 
friendly 
breakfast 
café 
good 
 
 

nice 
hotel 
good 
check 
fast 
staff 
friendly 
breakfast 
café 
good 
 

 
Parts-of-speech Tagging-It describes how a word works in a sentence. Nouns, pronouns, adjectives, 
verbs, adverbs, prepositions, conjunctions, and interjections are the eight major components of 
speech. 
 
fortoken in doc: 
print (token. Text, "-->", token.pos_) 
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Table 3: POS Tagging 

 
 
Stop Word Removal-Itinclude most widely used words such as ‘a', 'an', 'the', 'is', ‘what’ etc. When 
classifying or extracting information from text, these are the words that do not carry much information. 
As a result, we must eliminate stop words during text classification.Return 'TRUE if any stopwords are 
found; otherwise, return 'False'. 

 
for token in doc: 
print (token. Text, "-->", token.is_stop) 

 
Table 4: Stop Word Removal 

Tokens word Stopwords 

nice 
hotel 
good 
check 
fast 
staff 
friendly 
breakfast 
café 
good 
 

False 
False 
False 
False 
False 
False 
False 
False 
False 
False 

 
Dependency Parsing-Assigning syntactic dependency labels to individual tokens, such as subject 
and object, to describe their relationships. Spacy includes a syntactic dependency parser that is fast 
and accurate. The parser also can recognize sentence boundaries and iterate over base noun 
phrases or chunks. Instead of tokens, chunks are used here.The several levels of the dependency 
parsing tree are shown in [fig.2]. 

from spacy import display 
display. render (doc, style='dep') 
 

Table 5: Dependency Parsing 

 
 
 
 

 
 
 

Token Words Tokened 

Nice 
hotel 
good 
check 
fast 
breakfast 
 

amod 
nmod 
amod 
nmod 
amod 
compound 
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Fig.2 [Dependency Tree] 
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Aspect Extraction-ABSA is a procedure that considers phrases connected with features and 
determines the sentiment connected with each one. For extracting the sentiment of each aspect from 
the concerned text, the model requires aspect categories and their related terms. If you monitor 
customer reviews or call transcripts, for example, you can search for aspects that have some 
sentiment associated with them and extract information on how to improve. We first split our 
sentences in such a way that the target aspects (for example, food) and their sentiment descriptions 
are separated (e.g., delicious). The dependency parsing and POS (Part-Of-Speech) tags may be 
seen for each token within our sentences. We'd also pay attention to the child tokens to see if we 
could locate any intensifiers. It checks for child tokens for each adjective and adverbs. We begin by 
extracting a sentiment description. All descriptive adjectives such as delicious, enjoyable, and tasty 
are picked up. It checks for child tokens for each adjective and collect adverb like "quiet," "very," and 
so on. We're now in a position to identify the targets mentioned.Here, we usedSyntaxbased methods. 
It looks for aspects based on their syntactical relationships.An adjectival modifier link between 
sentiment and facet is quite simple. Low-frequency aspects can be identified, which is a strong quality 
of these approaches. The algorithm for a related task in Fig. 3 is given below- 

 
 

2.4.  

2.5.  

2.6.  

2.7.  

2.8.  

2.9.  

2.10.  

2.11.  

2.12.  

2.13.  

2.14.  

2.15.  

2.16.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
      Fig.3 

Algorithm for syntax-based aspect Identification 

 

 

 Input:          collection of sentences= {s1,s2,s3,………………,sn} 

Output:        aspect assign to sentence 

 

1. aspect[ ] 

2.for sentence in sentences: 

3.do 

4.  doc=nlp(sentence) 

5.  Assign space in given variables 

6.  descriptive_term= “ “ 

7.   target= “ “ 

8.   for token in doc: 

9.     do 

10.  if token.dep_=’ NOUN SUB’ and token.pos_= ‘NOUN’ 

11.     then 

12.    target<- token text 

token.pos_= ‘ADJECTIVE’   

16.     prepend= “ “

child.pos_ ≠ ‘ADJECTIVE’
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Here, we apply our approach to the dataset and show some aspect terms, descriptions,and sentiment in 
table 6 and 7 given below- 

 
 
 

Table 6: Aspect and Description 

 
 

 
 
 
 
 
 
 
Calculating aspect sentiment-It can assist us in assessing the general public's mood and emotions, as 
well as getting useful context information. Sentiment analysis (SA) refers to the process of analyzing 
data and categorizing it according to research goals. Using text blob’s default sentiment analysis. It is a 
library that comes with built-in analysis. It uses a bag-of-words technique, which means it includes a list 
of words with sentiment scores linked to them, such as "good," "bad," and "great." It can also detect 
modifiers (like “not”) and intensifiers (like “very”) that have an impact on the sentiment score. 
 

Table 7: Aspect Sentiment Description 

2.17.  

2.18.  

2.19.  

2.20.  

2.21.  

2.22.  

2.23.  
 

Feature Generation using TF-IDF -Term frequency-inverse document frequency is abbreviated as tf 
idf. It's a method for determining the importance of words in a text by looking at how often they appear 
in several publications. If a term appears frequently in a text, it is significant. Assign the word a high 
score. A word that appears in several texts, on the other hand, isn't a unique identifier. Give the word 
a poor grade. 
 
Term Frequency (tf) -It indicates the number of times each term appears in the corpus report. It's the 
ratio of a word's number of appearances in a report to the total number of words in that record. It 
raises in direct proportion to how many times that word appears in the document. There is a separate 
tf for each document. 
Term frequency (tf) is a metric for how often text t appears in document d: 
 𝑡𝑓𝑖,𝑗=  𝑛𝑖,𝑗∑ 𝑛𝑖,𝑗𝑘  

 
Fig 4. Formula for TF 

 
Inverse Document Frequency (idf):It is used to estimate the weight of unusual words across all 
documents. For terms that exist infrequently in the corpus, the IDF score is high. The followng isthe 
formula: 
 𝑖𝑑𝑓(𝑤) =   log ( 𝑁𝑑𝑓𝑡) 

Fig 5. The Formula For Inverse Document Frequency 

Aspect Description 

Hotel nice 

Check good 

Staff friendly 

Café expensive 

Stay good 

Aspect Description Sentiment 

Staff friendly Pos (0.80) 

Hotel nice Pos (0.75) 

Check good Pos (0.68) 

Café expensive neg (0.40) 

Stay good Pos (0.70) 
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Combining these two features yields the tf idf score (w) for a word in a corpus document. 
 𝑤𝑖,𝑗 =   𝑡𝑓𝑖,𝑗 × log ( 𝑁𝑑𝑓𝑖) 

 
tf ᵢ, ⱼ =the number of times i appears in j 
N =total document number 
df ᵢ=the number of documents that containing i 

 
Bag of Word-This model is easy to understand and apply. It's a procedure for mining text features for 
use in machine learning processes.This technique employs tokenized words to determine per token 
frequency for each observation.A bigram model is a method of creating a vocabulary of two-word 
pairs.The frequency of words is assigned within the length of the vocabulary (vocabulary refers to a 
collection of all the unique words).Vectorization is the process of converting text into numbers.There 
are two documents, for example- 
 
Doc1: good work 
 Doc2: very good work 
 
We started by defining our vocabulary, which is the collection of all words in our document set. The 
following are the only words discovered in the two documents: 
“good, work, very” 
Counting the number of occasions, a word appears in a given text, there’s been created a matrix of 
documents and words. In Table 8, you'll see a matrix- 
 

Table 8(Document Vector Generated) 
 
 
 
 
 
 
 
 
 
 
 
 
A bigram model, also known as a trigram model, is a combination of two or more terms, and the n-
gram model is the general technique. 
 
The general technique is referred to as the n-gram version, and a bigram or trigram model is a 
mixture of two or more terms. Its main advantage is its simplicity: it's cheap to compute, and often 
simpler is better when positioning or contextual information isn't important. 
 
The text classifier model is built using TF-IDF and count vectorizer. Then, utilizing Logistic 
Regression, MultinomialNB, K-Nearest Neighbors (KNN), and Random Forest functions, import the 
various classifier objects. Then, using fit (),We used to predict () to execute prediction on test data 
after fitting our model to a train set. 
 

4. RESULT AND DISCUSSION 
The paper depicts how a classification model was developed utilizing a dataset with pre-defined 
ratings for their reviews. We created a new column named polarity from the given rating column in the 
dataset, with a value of zero for negative reviews, one for positive reviews, and two for neutral 
reviews. The data is first preprocessed during this task. To demonstrate the working of the 
preprocessing steps using the spacy tool, a sample review from the dataset is used. When working 
with spaCy, the first step is to pass a text string to an NLP object. This object is essentially a series of 
text pre-processing actions that the input text string must pass through. Tokenizer, tagger, parser, and 

 
 

goo
d 
 

work 
 

ver
y 

The 
document's-  
-length(in 
word) 

Doc1 
 

1 
 

1 
 
 

0 
 

2 

Doc2 1 
 
 

1 1 3 
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many other NLP pipeline components are included. Cleaning and tokenization of reviews are 
performed we had used the parsing and tagging as well as the elimination of stopwords. After that, 
the data is normalized using the lemma method. It is a kind of lemmatization. Every sentence has a 
grammatical structure, which we extracted with the assistance of dependency parsing. It can 
alternatively be viewed as a directed graph, with nodes corresponding to the words in the sentence 
and edges between nodes corresponding to the word dependencies which is shown in fig [2] as a 
syntactic dependency parsing tree.Table 1-5 shows the preliminary results of sample reviews. 
 
 We created a very basic aspect-based sentiment analysis that can pick up generic concepts and 
analyses the sentiments surrounding them. First, we split our sentences in such a way that the target 
aspects (for example, location) and their sentiment descriptions are separated (e.g., good). Using 
spacy's dependency parsing and the POS (Part-Of-Speech) tags, we were able to see the 
dependency for each token within our sentences. Using child tokens, we got intensifiers like "very," 
"quiet," and others. Using our algorithm fig [3], we picked up all the descriptive adjectives and it 
checks for child tokens in each adjective and finds adverbs. Now we get aspect and their description. 
Using TextBlob library for sentiment calculation. In table 6-7 the intermediate outcome of aspect, their 
descriptive term, and sentiment are shown. 
       
Using preprocess step join the lemma tokens and get a new review. The feature was generated using 
tf_idf and Bow. The training and testing sections of the dataset are separated, with test data making 
up 20% of the total. As a polarity, the target dataset was employed. We used numerous classifiers for 
the accuracy computation, including logistic regression, k-nearest neighbor (KNN), and random forest 
algorithms, as well as MultinomialNB for eachfeature. Objects were constructed for these functions, 
and then we used the fit function to outfitted the model with inside the train data and the prediction 
function to, are expected at the test set. 
 
On assessment the end result said in Table 9 and 10, its miles determined that from the four 
classifiers used for comparing the accuracy, Logistic Regression gave the best accuracy overall 
performance in case TF-IDF than the BoW features. it became surpassed in the case of TF-IDF. The 
classification rate of Logistic Regression in TF-IDF was found to be83% whereas in the bag of words 
it was80%. 
 

Table 9-(Tf-Idf Demonstrates Accuracy) TF-IDF 

 

Class Logistic Regression Random   Forest         MultinomialNB 

 P R F Accu
. 

P R F Accu
. 

P R F Accu. 

0(neg) 0.82 0.71 0.76 0.83 0.88 0.52 0.65 0.79 0.16 014 0.15 0.58 

1(pos) 0.83 0.98 0.90  0.77 1.00 0.87  0.67 0.80 0.73  

2(neu) 0.59 0.11 0.18  0.0 0.0 0.0  0.2
4 

 0.04 0.07  

k-nearest neighbors (KNN)  

 
Clas
s 

P 
 

R 
 

F 
 

Accu
. 
 

0(ne
g) 

0.66 
 

0.47 
 

0.55 
 

0.76 

1(po
s) 

0.78 0.96 0.86  

2(ne
u) 

0.38 0.03 0.06  
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Table 10- (Accuracy Using Bag-Of-Words) bag-of- word 

 

Class Logistic -Regression Random-forest  MultinomialNB 

 P R F Accu
. 

P R F Accu
. 

P R F Accu. 

0(neg) 0.72 0.68 0.70 0.80 0.96 0.17 0.29 0.72 0.0 0.0 0.0 0.69 

1(pos) 0.85 0.94 0.89  0.72 1.00 0.83  0.69 1.0 0.81  

2(neu) 0.38 0.22 0.27  0.0 0.0 0.0    
0.0 

 0.0 0.0  

k-nearest neighbors (KNN)  

 
Clas
s 

P 
 

R 
 

F 
 

Accu
. 
 

0(ne
g) 

0.86 
 

0.13 
 

0.23 
 

0.73 

1(po
s) 

0.74 0.98 0.84  

2(ne
u) 

0.30 0.11 0.16  

 
The terminology used here is precision(p), recall(R), F-measure (F), and accuracy(Accu). 

 

5. CONCLUSION 
Sentiment analysis is one of NLP's most widely used applications. It takes advantage of the large 
amounts of data available on public platforms. And it gives businesses vital information that helps 
them improve their services and, as a result, increase consumer happiness. Sentiment analysis 
based on aspects is a step forward from traditional sentiment analysis. However, the simpler models 
can deliver acceptable results with significantly less compute and training time. We developed a 
classification model in this paper using a supervised technique. The text was subjected to general text 
analytics operations such as SPACY tokenization, normalization, stop word removal, dependency 
parsing, and POS tagging, etc. The syntactic parsing tree is built.In this work, the feature-generating 
tools TF-IDF and Bow were used. Thedatasetwas collected from Kaggle.com. We developed aspect 
and its descriptive term using our algorithm on reviews of the dataset. TextBlob was used to compute 
the sentiment. We need to use feature engineering to improve the accuracy so that sentiment 
performance can improve as well. With an accuracy of 83.0 percent, our model provides the best 
result. The limitations include the inability to work effectively across domains, low sentiment analysis 
accuracy and performance due to a lack of labeled data, and difficulty to deal with complex sentences 
that require more than sentiment terms and simple analysis. This may be stepped forward withinside 
the future through leveraging supervised statistics for a particular area and deep learning techniques 
for aspect-based sentiment analysis, so as to be confined to a single domain and a pre-described 
listing of aspect-categories. 
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