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Abstract- With the ever-growing deluge of online opinions, deciphering public sentiment has become a crucial
element in diverse fields. Lexicon-based sentiment analysis, fueled by readily available emotion-tagged word lists,
emerges as a potent tool in this landscape. Its simplicity and interpretability make it accessible to even non-
technical audiences, fostering broader understanding of public opinion dynamics.

This paper delves into the heart of lexicon-based sentiment analysis, guiding readers through the construction of
a basic sentiment model using readily available resources. We illustrate the versatile process, from lexicon
selection and text pre-processing to sentiment score calculation and result interpretation with the aim to
demystify sentiment analysis even for those with no prior technical knowledge. Whether you're a market
researcher, a social media manager, or simply curious about public opinion, this paper equips you with the tools
to navigate the terrain of sentiment and gain invaluable insights.
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1. INTRODUCTION

Sentiment Analysis can be essentially described as the computational process of aggregating data through opinion
mining and subsequently categorizing it into buckets to gain insights into how an individual or a group of people feel
about a certain topic. Sentiment Analysis plays an important role in the decision making involved in our everyday lives.
It can influence anything from what kind of protein to use for better muscle growth to what the peoples of a country
feel about a passionate political leader. Our minds do a sentiment analysis from the reviews of a product we are buying
from a website and this website in turn does a sentiment analysis to understand if this product is helping them reach
their goals. Suffice to say, sentiment analysis has been a part of human nature and the current data rich world has enabled
us to utilize modern data sources like Rotten Tomatoes, YouTube, Amazon, Twitter along with traditional data sources
like a trusted individual’s subjective opinion.

2. RELATED WORK

The realm of lexicon-based sentiment analysis boasts established resources like SentiWordNet and WordNet-Affect,
yet domain-specific lexicons and rule-based approaches tailored for negation, intensifiers, and conjunctions offer
valuable insights into context-dependent sentiment. While supervised and deep learning methods achieve impressive
accuracy, their lack of interpretability contrasts with the clarity afforded by lexicon-based models. Furthermore,
research on lexicon expansion and XAl for sentiment analysis underlines the continued focus on enriching and
explaining these methods. There are several research publications, models and other related work dealing with the topic
of sentiment analysis broadly.

3. PROPOSED SYSTEM

This paper intends on elucidating the various steps involved in lexicon-based Sentiment Analysis by developing a
comprehensive lexicon-based sentiment model using Python. The work covers the flow of steps involved and its
implementation. The code ensures to establish a strong foundation for future learnings into the topic of lexicon-based
sentiment analysis even for a novice. The Python code seamlessly demonstrates simple yet efficient implementation of
each and every step involved like data preprocessing, stemming & lemmatization, tokenization and sentiment
classification while also facilitating effective data analysis by utilizing code to plot a bar graph depicting the accurate
sentiment of the raw data provided.

4. SYSTEM REQUIREMENTS
Softwares and libraries:
Anaconda - Jupyter Notebook, Python 3, Numpy, nlkt, matplotlib
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5. IMPLEMENTATION STEPS:

Clean data by removing

Convert text to lower > beginning and trglllng » Remove stop words
case spaces, punctuations,

special characters

Y

Sentiment - Stemming and
e < Tokenization « 2
Classification Lemmatization

A. DATA PROCESSING

Data preprocessing is an essential and rudimentary step while performing any sentiment analysis. It basically enables
us to remove the noise, inconsistencies and irregularities that are often a hindrance while working with raw text data
and allows us to perform a holistic analysis while ensuring that unwanted information is not taken into consideration.
This can be done through the following steps by utilizing packages such as nltk.

Remove punctuations and special characters:

In most of the cases, punctuations and special characters are used in text to convey something in a structured way to
humans. However, these are not very helpful for sentiment analysis as they only act as placeholders for humans. Remove
non-ascii characters and unused information like URLs and links. For example, the sentence “ I like like, Perfumes a
lot. ” is converted into ““ I like like Perfumes a lot ™.

In [49]: #remove punctuation

import string

punctuationless_sentence = [''.join(char fer char in sentence if char met in string.punctuation) for sentence in sentences]
print(punctuationless_sentence)

[" I like like Perfumes a lot *, 'I am hating perfumes of this brand', 'This brand is good for me']

Convert text to lower case:
This is generally the first step to perform on receiving raw text. In this step, we convert the entire text into lowercase so
that it becomes easy for performing analysis on the modified text. From the previous step, the text can be converted into
“1i like like perfumes a lot ™.

In [5@]: #convert to Lower
lower_items = [element.lower() for element in punctuationless sentence]
print(lower_items)

[" i like like perfumes a lot ', 'i am hating perfumes of this brand', 'this brand is good for me']

Remove beginning and trailing spaces:
In this step, we make sure that our text doesn’t have any unnecessary spaces as these spaces don’t impact the sentiment
analysis and makes the analysis easier. From the previous step, the text can be converted as “i like like perfumes a lot”.
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In [51]: #remove leading and trailing spaces

stripped items = [element.strip() for element in lower_items]
print("stripped words:")
print(stripped_items)
#tokenize
result = [element.split() for element in stripped items]
print("tokenized words:")
print(result)
flatList = []
for element in result:

for item in element:

flatList.append(item)

print("flatlist: ")
print(flatList)
#remove repeated words
result2 = list(set(flatList))
print("list with non repeated words:")
print(result2)

stripped words:

['1 like like perfumes a lot", "i am hating perfumes of this brand', 'this brand is good for me’]

tokenized words:

[['i', 'like", 'like’, 'perfumes', 'a', 'lot'], ['i', 'am', 'hating', 'perfumes', 'of’, 'this', ‘'brand'], ['this', ‘'brand', 'i
s', 'good', ‘for', 'me']]

flatlist:

['i*, 'like', 'like', 'perfumes', 'a', 'lot", 'i', 'am', 'hating', ‘'perfumes', 'of', 'this', 'brand', 'this', 'brand', 'is', 'g
ood", 'for', 'me']

list with non repeated words:

['for', ‘perfumes', 'of', 'hating®, 'is', 'good', 'this', 'am', 'lot', 'a', 'i', 'me', 'brand', 'like']

Remove duplicate words:

If a sentence has words which are repeated more than once, consider only its first occurrence. For example, the sentence
from the previous step can be converted as “i like perfumes a lot” and tokenized (a concept which will be discussed in
this paper later on) as [“1”, “like”, “perfumes”, “a”, “lot”].

Remove stop words:

Stop words are generally those words like “a, the, is” which are very commonly used in sentences but don’t actually
contribute much to the gist of a text. As they are not useful to obtain the sentiment, they are dropped. From the previous
step, the text can be further tokenized as [“like”, “perfumes”, “lot”].

In [37]: #remove stop words
import nltk
from nltk.corpus import stopwords
stop_words = set(stopwords.words( 'english'))
filtered = []
for word in result2:
if word not in stop words:
filtered.append(word)
print(filtered)

['perfumes', 'hating', 'good', 'lot', 'brand', 'like']

Use Stemming and Lemmatization:

After the previous step, we generally use two techniques called stemming and lemmatization to map each word in the
text to a root word. In this step, we have to consider the drawbacks of each technique and choose the one which fits our
end goal of sentiment analysis. The stemming technique replaces a word in the text with its stem word (there is a
possibility for this word to not even exist). This technique has the drawback of either over-stemming or under-stemming.
To counter it we could use lemmatization where each word in the text is replaced with its lemma (root word). This
technique has the drawback of incorrectly replacing words due to lack of context. To tackle this, we could perform Parts
of Speech (POS) tagging where we assign a part of speech to each word and the model can then more accurately replace
words with their lemma. This step can be understood by observing the code below.

In [39]: #lemmitization
from nltk.stem import WordNetLemmatizer

# Create WordNetLemmatizer object
wnl = WordnetLemmatizer()

lemmatized list = []
for words in filtered:

lemmatized list.append(wnl.lemmatize(words))
print(lemmatized_list)

['perfume’, ‘'hating', 'good', 'lot', 'brand’, 'like']

Tokenization:
Tokenization essentially allows us to store the necessary words to be used for sentiment analysis and convert them into
tokens for better machine readability. In this step, we split each word in the text by considering a space as a delimiter
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for each word and arrange them in a tuple or list data structure. For example, the text “IT am happy with this product as

9% ¢ 9% <c 9% ¢ 99 ¢

it intuitive to use and makes my life easy” can be converted into [“happy”, “product”, “intuitive”, “use”, “make”, “life”
“easy”].

B. SENTIMENT CLASSIFICATION

Given that we are done with data preprocessing and have a list consisting of the words to perform sentiment analysis
on, we can proceed with the classification of sentiment for each word in particular. In this step, we can use emotion
detection models like Posner’s Circumplex model to assign a positive, negative or neutral polarity to a word in the text
as mentioned in the examples below. We can also use predefined lists and dictionaries which are segregated based on
the polarities of the words.

If it is a positive word, sentiment score increases by 1 (+1). If it is a negative score, sentiment score is decreased by 1
(-1). If it is a neutral word, no score (0) is added. Once, the total sentiment score of the sentence is calculated, divide it
by number of words that are considered for calculating sentiment score.

If the result is positive (O<score<1), the sentence has positive polarity.
If the result is negative (-1<score<0), the sentence has negative polarity.
If the score is 0, the sentence has neutral polarity.

In similar way, calculate sentiment score for all the sentences that are considered.
Analyze and obtain the final sentiment by plotting charts.

Like: +1 (positive polarity)
Bad: -1 (negative polarity)
Done: 0 (neutral polarity)

This method is called Lexicon based Sentiment Analysis where words are picked up and assigned a polarity value based
on many available emotion-word mappings. As each sentence of the complete text is tokenized and a sentiment analysis
is performed on it, we integrate it with the other sentences’ sentiment analysis to finally reach the polarity value of the
complete text. This process can be executed by using libraries such as WordNet from the nltk package.

In [41]: #create a List of positive and negative words. You can use existing Libraries
pos_list = ['like’, 'good', 'nice’', "awesome', "impress', ‘interesting' ] #list can extend
neg_list = ['hating', 'bad’, 'boring', 'irritating’', ‘horrible' ] #list can extend
#the above defined Lists are an example developed for current scenario. In realtime it should comprise of many words
pos_score = @
neg_score = @
neutral_score=e
count = @
for word in lemmatized list:
if word in pos_list:
pes_score=pos_score+l
count=count+1
elif word in neg_list:
neg_score=neg_score+1l
count=count+1
else:
neutral_score=neutral_score+l
print(pos_score)
print(neg_score)
print(neutral_score)

2
1
3

In [43]: #calculate total sentiment
sentiment_value = (pos_score-neg_score)/count
print(sentiment_value)

0.3333333333333333

In [44]: if(sentiment_value>@):
print(“positive sentiment")
elif(sentiment_value<®):
print(“"negative sentiment")
else:
print(“neutral sentiment™)

positive sentiment
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In [47]: import numpy as np
import matplotlib.pyplot as plt
# creating the dataset
data = {'Positive words':pos_score, 'Negative words':neg_score, 'Neutral score':neutral_score}
polarity words = list(data.keys())
count = list(data.values())
fig = plt.figure(figsize = (10, 5))
# creating the bar plot
plt.bar(polarity words, count, color ='blue’,
width = 0.4)

plt.xlabel("Polarity")
plt.ylabel("No.of words™)
plt.title("Analysis of polarized words")
plt.show()

Analysis of polarized words

Positive words

Negative words Neutral score
Polarity words

C. HANDLING SENTENCES WITH NEGATION

If the sentence is “I do not like apple”, passing this sentence would return positive polarity as ‘like’ is treated as positive
words. But the sentence is a negative sentence which describes not liking apple. To handle such scenarios, we could use
2-gram or bigram which considers 2 words at a time. There can exist scenarios of text where there is a negation within
a sentence and performing sentiment analysis here might present skewed results. For example, “I have not tried out their
services yet.” might be misconstrued under a normal sentiment analysis algorithm. In such a case, we could lexicon-
based negation detection or also called a bigram to reverse the polarity of the word following the negative word or we
could also combine a bigram with POS tagging to have more efficient emotion detection for sentiment analysis.

6. CONCLUSION AND FUTURE ENHANCEMENT
This paper explains how to perform lexicon-based sentiment analysis and develop a sentiment model in a simple way
to calculate sentiment score. This model can be enhanced by:

Considering n-gram mechanism.

Adding multiple positive, negative words in the list or consider using weighted dictionaries.
Considering POS for stemming and lemmatization and handling sarcasm and irony.

Using and comparing with existing sentiment models provided by various other libraries

Integrating the python code with flask to provide a user interface where users can provide sentences as input
from a text box and observe sentiment results directly along with analysis graphs.
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