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Abstract 

E-commerce is becoming the new normal of buying and selling goods and has been seeing exponential since the 
past few years. The credit of this rise can be given to the lower prices and an ample of categories of goods across 
various sections which are accompanied with fast shipping. Customer reviews for products are useful information 
that is beneficial for a future buyer as he can know the quality of goods from those who have used it. There are 
ample review tasks. In this paper, we present a recommendation system in which a user will describe the needs of 
what the user wants, and from that our model will extract the aspects and provide the most relevant products based 
on the customer's requirement. 

 

1. INTRODUCTION 

Online shopping involves buying goods via the 
internet from different sellers using applications or 
web browsers. Users can search the product that they 
wish to buy and then order the product from any 
listed seller based on their preferences. Preferences 
here refer to price, reviews, etc. While buying 
products, customers tend to look at other buyers’ 
reviews before buying the product. Customers are 
concerned whether the product is a war gun or just a 
showpiece that looks good on paper. Hence potential 
buyer tries to find out the experience of past buyer 
with the interested product. Big e-commerce 
companies have a significant amount of reviews and 
it is a tedious task for a customer to go through all the 
reviews and deduce inferences from those reviews 
about the quality of the product. Further, there are 
many features of a product but the reviews are not 
classified according to the features. In addition to all, 
increased competition in the digital market provides 
various options to chose from, thereby making it 
confusing and tiring task to find the most suitable 
product. 

Opinion mining refers to the process of detecting 
opinion of user about a particular topic or product or 
problem. In simple words it’s a process of extracting 

knowledge from the judgement of the user currently 
using the product [1].   
 
Sentiment analysis is the concept in machine learning 
that is defined as the process of mining of data, 
views, reviews, or sentences to predict the emotion of 
the sentence through the use of natural language 
processing (NLP). The sentiment involves the 
positive or negative attitude related to the context. 
Sentiment analysis helps to identify the statistics of 
like or dislike of particular product features [2].  
 
Product reviews are mixed up as they are provided by 
several different users based on their experience for 
that product and they provide the review by 
comparing the product from their expectations what 
they were searching for and what the product offered.  
 
A product has several features to offer and each user 
wants some of the features based on their usage, there 
may be a chance where the overall rating of the 
product is not good to that extent but some features 
are great compared to the other products available in 
the market, and those are the features that the user 
wanted, but due to the overall rating of that product, 
user neglects that product and go for other 
alternatives.  
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For a review, in order to extract features, we need to 
understand the sentence structure, and to capture 
inherent relation some set of defined relations are 
used [3-4]. 
 
To find a suitable product one possible option can be 
described based where the user will describe the 
needs and model will recommend the products which 
are most relevant to that description and the products 
are already been pre-processed based on the previous 
user's reviews which provide the better 
recommendations. 
 
 
2.  RELATED WORK 

In [5] the author focused on aspect-based sentiment 
analysis, where single aspects were taken into 
consideration instead of complete sentences. To 
identify product aspects association mining was used, 
and then sentiment score was attached to each aspect 
by exploiting small seed sets of opinion words, along 
with antonyms and synonyms. In order to extract 
additional infrequent product aspects they used newly 
detected opinion words. 
 
In [6] the author used the idea that for a single review 
to detect product aspects opinion words can be used 
and vice versa. In order to identify new opinion 
words and product aspects collection of opinion 
words were fused with syntactic dependencies. To 
detect newfound word polarity, polarities of seed 
words were accounted. The same polarity was 
assumed for opinion words expressing a sentiment 
towards the same aspect.  
 
So far we have discussed solutions that are domain-
independent. In addition to this, domain-specific 
knowledge is also used to improve accuracy. 
 
In [7] the author targeted movie reviews for aspect-
based classification, movie-related terms were 
provided as input (director, producer, main leads, 
etc.). In addition to this domain-specific terms were 
feed into the algorithm. As a result, a more accurate 
sentiment classification was obtained by including 
domain-specific knowledge.  

 
In [8] new aspect related terms were identified 
between seed terms and candidate terms by feeding 
algorithm with product aspect and aspect related 
terms.  
 
Our approach requires neither labelled examples nor 
domain-specific knowledge, thus it is domain-
independent and has wider applicability. 
 

From a point of view of a user retrieving information 
about a product from reviews given by other users, 
considering specific aspects becomes as important as 
overall product rating. Exploring expression of 
opinions and sentiments for different aspects is 
another crucial chore in review analysis [9]. 

 To help users to analyse vast amount of online 
reviews for certain entity (e.g., mobile camera), it is 
essential to unveil detailed opinions on various 
relevant aspects of the entity (e.g., the camera was 
superb) [10].  

A product feature can be described in many ways and 
its possible that several of them results in same 
meaning. Terms used to describe features are feature 
expressions [11]. 

 

3.   METHODOLOGY 

3.1  spaCy Parse Tree 

Each review or a sentence is made up of tokens. A 
token is the smallest unit of a sentence. A token is 
any word or punctuation mark or number. A 
combination of tokens forms a sentence. 

In a sentence, each token falls under the category of 
one of the Part-of-Speech and each token is 
dependent on some other token i.e. token 
dependency. We will use spaCy for our work to find 
Part-of-Speech (POS tag) and dependency. 

spaCy is a library for advanced natural language 
processing. spaCy provides a way to convert a 
sentence into a tree structure where each token is a 
node in the tree and the connecting edges are the 
dependency between nodes or tokens. As the 
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sentence is converted into the tree, each node will 
have a child or parent or both and we can easily 
traverse the tree just like a normal tree. 

 

 Figure 1 : Dependency Tree 

In the above figure for the sentence “Autonomous 
cars shift insurance liability toward manufacturers”  
the parse tree is shown where each token i.e. word is 
the node is assigned a POS tag as well and each token 
is dependent on the other token and dependency is 
also shown. We can easily traverse the tree from a 
token we can easily go to its children if it exists and 
also its parent if it's not the root.  

 

       Figure 2 : Tokens Head and Children 

This tree will help us to find aspects based on some 
general rules. 

3.2  VADER Sentiment Intensity Analyzer 

After extracting the aspects it is important to find the 
polarity related to that aspect in the review, to find 
the sentiment we are using VADER Sentiment 
Intensity Analyzer. VADER stands for Valence 
Aware Dictionary and Sentiment Reasoner. It is a 
lexicon and rule-based sentiment analysis tool that 
is precisely attuned to sentiments.  

It uses sentiment lexicon, a list of lexical features that 
are labeled according to their semantic orientation as 
“positive”, “negative” or “neutral”. Apart from 
Positivity and Negativity score VADER also tells us 

how positive or negative a sentence is based on a 
scale of [-1,1] where values between [-1,0) denote the 
sentiment is "Negative" and (0,1] denotes sentiment 
is "Positive", it also provides decimal values. The 
main advantage of using VADER, it is constructed 
from a generalizable, human-curated gold standard 
sentiment lexicon thus doesn’t require any training 
data. We use the compound score provided by it. 

 

       Figure 3 : Compound Score Sentiment 

 

4.   EXPERIMENT 

4.1  Dataset 

The dataset used in this work is provided by 
PROMPTCLOUD. This dataset contains 413840 
reviews of mobile phones sold on Amazon.com, 
where each row have 6 fields:-   

 Product Name 

 Brand Name 

 Price 

 Rating 

 Reviews 

 Review Votes. 

Product Name is the name of the product, Brand 
Name is the name of the parent company,    Price is 
the price of the product, Rating is rating ranging 
between 1-5, Reviews is the description of user 
experience, Review Votes are the number of people 
voted the review. 

Several rows correspond to a single product. There 
are total 4410 unique smartphones and total 413840 
reviews and each review corresponds to one of the 
phones. 

In our work, we will focus on two columns Product 
Name, and Reviews. We will create a dictionary 
where the key corresponds to the Product Name and 
the value to the key will be the list of the reviews of 
that particular Product Name. During the creation of 
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the dictionary, we also perform general Data-
Cleaning such as 

 Dividing Reviews into Sentences 

 Converting Reviews into lower case 
 Remove Punctuation Marks 

 Remove non-ASCII characters 

 Lemmatization 

 

4.2  Procedure 

After creating the dictionary with keys as "Product 
Name" and values as "Reviews", for each review for 
a particular product we pass it to a function which 
takes a single review as an argument and returns the 
aspects present in the reviews (generally nouns) and 
there sentiment modifiers (adjectives or similar 
tokens).  

The given function converts the review into the tree 
so that we can easily traverse the tree and find the 
dependencies of the tokens. We go through each 
token in the sentence and based on 7 rules (rules 
which defines the relation of the token with respect to 
the aspect of the sentiment modifier) and if the token 
fulfills any of the rules then based on that rule we get 
the aspect and its corresponding sentiment modifier.  

 

We represent ‘M’ as the Sentiment Modifier and 
‘A’ as the Aspect. 

Rule 1: M is the child of A with a relationship of 
amod. 

Rule 2: A is a child of a token with the relationship 
of nsubj, while M is a child of the same token with 
the relationship of dobj. 

Rule 3: A is a child of a token with the relationship 
of nsubj, while M is the child of the same token with 
the relationship of acomp. 

Rule 4: A is a child of a token with the relationship 
of nsubjpass, while M is a child of the same token 
with the relationship of advmod. 

Rule 5: A is a child of M with the relationship of 
nsubj, while M has a child with the relationship of 
cop. 

Rule 6: M is the interjection (POS tag), while A is 
the child of M with relationship nsubj. 

Rule 7: A is a child of a token with the relationship 
of nsubj, while M is a child of the same token with 
the relationship of attr. 

Negation is an important concern in sentiment 
analysis. One simple approach is cluding flipping the 
sentiment of a word when the word is closely located 
to "not" [12]. 

Our function also checks and handles for the negation 
with each rule i.e. with the presence of keywords 
such as "not" reverses the polarity of the sentence. 
E.g. "good" is Positive while “not good” is Negative 
whereas “bad” is Negative while “not bad” is 
Positive. 

After passing all the reviews from this function it 
provides all the aspects and corresponding sentiment 
modifiers. We can easily check the polarity of these 
aspects by their sentiment modifiers with the help of 
VADER SIA (Sentiment Intensity Analyzer). 

We consider the sentiments as Positive whose 
polarity_score is> 0.05 and Negative whose 
polarity_score is < -0.05 and neglecting the neutral 
ones. 

We will create a final dictionary for every product, 
where we add the positive and negative feature count 
for a particular product which will help in 
determining the overall sentiment of the users related 
to that feature (aspect) for that particular product. 

Till now pre-processing is done. From the user's 
reviews, we extracted the aspects and their related 
sentiments and created the dictionary. 

Now we will ask the user for the input, input will be 
in the form of text where the user will provide a 
description of user requirements and we will again 
extract the aspects from that text based on those 7 
rules which are discussed above. 
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Then for every aspect (feature) we will determine the 
polarity of that aspect and now we will traverse the 
dictionary which we have created earlier and for 
every product, we will perform the following 
operations:- 

 If the user-specific feature is present in that 
product or not 

 If that feature is not present we check for 
other features, if no feature left this product 
will not be recommended to the user 

 If present we will check for the overall 
sentiment of that feature for that particular 
product (we are recommending product only 
if the feature falls above 80% i.e. for 
Positive: Total number of Positive Reviews 
for that feature / Total number of Positive + 
Negative Reviews for that feature >= 0.8 or 
similar for Negative as well). 

 If the user-specific sentiment is similar to 
that of other user's recommendations for that 
feature we will recommend this product. (i.e. 
85% positive reviews for that particular 
aspect and our user also wants that aspect in 
positive aspect we will add it to our list.) 

5.   RESULT 

When the user provides the description our model 
will display the aspect and their sentiment what our 
model analyzed for that aspect to the user, and if 
there is any ambiguity the user can simply check the 
description, now our model as discussed above will 
recommend the products, the recommended products 
will be displayed in the decreasing order, decreasing 
order here means the number of aspects the product is 
fulfilling and also displaying the aspects with every 
product. 

 

      Figure 4 : Positive Recommendations  

As the input text only contains the positive modifiers 
of the possible aspects. 

 

      Figure 5: Negative Recommendations 

As the input text only contains the negative modifiers 
of the possible aspects. 

 

       Figure 6: Mixed Recommendations 
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As the input text contains both positive and negative 
modifiers of possible aspects. 

 

6.   CONCLUSION 

Our model can provide the recommendations based 
on the textual description provided by the user, for 
the processing it only needs the reviews with 
corresponding Product Name, and it will extract the 
aspects based on general rules and also the overall 
sentiment of that aspect for the particular product, 
and for the recommendation, it will check for the 
user-specific aspects in the Products list. This model 
is domain-independent it can be helpful for the users 
to find their suitable product/services. This method of 
recommendation can be applied not only to the E-
commerce but also to other areas as well, like 
Tourism, Restaurants, Real Estates, and several other 
areas. 
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