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Abstract 
To assess the market potential of millet-based confections, this study aimed to elucidate the attitudes, 
opinions, and ongoing discussions of social media users from the top ten economies of the world. Text 
analysis and machine learning approaches were applied to classify the sentiments of the tweets as positive, 
neutral, or negative. The Naive Bayes classifier was applied to improve the precision of sentiment analysis. 
The process revealed the top themes presented as the top 50 phrases by their frequency in tweet data. 
Furthermore, the subjectivity distributions and polarity in the results provide intricate emotional perspectives. 
Additionally, a bar chart was used to display the distribution of positive, neutral, and negative tweets while 
word popularity was visualized through word clouds and word pair clouds. The insights from this research are 
valuable for businesses working with millets, marketers, and legislators globally. 

Keywords: 
Sentiment analysis, Naïve Bayes classifier, millet-based confectionery, Twitter, word cloud, text analysis, 
millets. 

1 Introduction 

Food is a vital element to survive. While examining dietary habits, the primary emphasis 
is on understanding what individuals consume (Wirfält et al., 2013). There are several 
factors that help in identifying the dietary habits of individuals; some important factors are 
natural components, price, well-being, mood, ethics, availability, sensory qualities, taste, 
and convenience (Lima et al., 2021). Consumer’s food habits are mostly shaped by their 
own circumstances and feelings. People who work long hours tend to consume more 
packaged food because they see it as being more convenient (Okrent & Kumcu, 2016). The 
consumption of foods with heavy fat, sugar, and salt increases the chance of non-
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communicable diseases (Mediratta & Mathur, 2023). However, nowadays, people are 
becoming health conscious and adopting good food habits. According to Kraft and Goodell 
(1993), health-conscious consumers (HCCs) are people who live "wellness-oriented" lives 
and are worried about their surroundings, stress, and fitness. As a result, this consumer 
group's food consumption behavior is influenced by several motivational factors. 

Social media channels are among the best places to look for peer-generated 
knowledge, as they offer people a place to talk to one another on a variety of issues 
(Massagli et al., 2010). The usage of social media has tremendously increased among 
teenagers and adults in the age group 20 to 45 (Kaplan & Haenlein, 2010). Blogs, chat 
rooms, discussion boards, forums, micro-blogging services, and social networking websites 
are just a few examples of the various online tools collectively known as "social media" 
which allow users to communicate with one another while creating their own profiles 
(Mangold & Faulds, 2009). With over 330 million active users worldwide, Twitter has 
established itself as a prominent platform for sharing daily activities and expressing 
opinions (Karimiziarani et al., 2022). It is now one of the most popular platforms in the 
social media landscape, catching the attention of marketing and consumer science 
researchers (Mangold & Faulds, 2009; Kontopoulos et al., 2013; Worch, 2014; Carr et al., 
2015). 

Food and drinks consumption plays a significant role in human existence (Köster, 2009). 
Twitter presents a unique opportunity for studying consumer food trends due to its 
abundant user-generated content (Caiazza & Bigliardi, 2020). Academics and companies 
seeking a deeper understanding of eating habits and preferences can extract valuable 
insights from the abundant food-related information available online (Tao et al., 2020). 
Social media platforms including Twitter facilitate the collection of user-specific data, such 
as geographic location, enhancing the ability to gather regional insights into food 
preferences and behaviours (Croitoru et al., 2013). Leveraging Twitter data allows 
researchers to gain better understanding of customer behaviours, assisting companies in 
adapting their strategies to meet evolving consumer expectations (Krafft et al., 2021). Social 
media platforms like Twitter are increasingly popular for discussing eating preferences and 
routines (Citrin et al., 2003). Researchers and companies can access crucial information on 
consumer behaviour related to food choices by exploring this social media platform (Vidal 
et al., 2016). 

According to Garcia-Closas et al. (1997), 'confectionery' refers to sugary and sticky 
meals. It's divided into two main subcategories: bakers' confectionery and sugar 
confectionery, both emphasizing sweet, carbohydrate-rich foods (Caggia et al., 2020). Sugar 
confectionery includes toffees, chocolates, candied nuts, bubble gum, etc., while baker's 
confectionery comprises cakes, pastries, and baked goods. A recent statistical analysis by 
Statista (2022) revealed that preserved pastries and cakes were the most consumed 
confectionery category, accounting for over 62.57 billion kilograms in the global market in 
2021. Chocolate candy was the least popular category, but Statista projects increased 
consumption levels across all categories in the coming years. 

It's important to recognize that many confections contain wheat and sugar, which can 
lead to elevated blood sugar levels (Konnar et al., 2022). Sweets often include high-fructose 



62  

corn syrup, a common ingredient linked to obesity (Forshee et al., 2007). Therefore, it's 
crucial to monitor and control confectionery consumption (Goryńska-Goldmann et al., 
2021) since excessive intake can result in allergies, type-2 diabetes, tooth decay, and other 
health issues (Tandel, 2011). The growing awareness of health has prompted individuals to 
be more mindful of their diets and the impact of their food choices on overall well-being 
(Elbel et al., 2009). While candies and similar treats may be tempting, it's essential to 
consider the potential adverse effects of excessive sugar and processed carbohydrate 
consumption (McCrickerd et al., 2016). 

This study primarily aims to address the following research questions: How are millet-
based confections perceived and discussed in the top 10 global economies? How do tweets 
contribute to attitudes related to millet-based confectionery? Researchers can gain insights 
into the factors influencing people's decisions on consuming confections and their attitudes 
toward health by analyzing user-generated content on Twitter (Saura et al., 2020). For 
researchers and organizations seeking a better understanding of customer behavior and 
food-related attitudes, Twitter sentiment analysis proves to be a valuable tool (Singh et al., 
2018). It enables the discovery of patterns, preferences, and emotions related to various 
types of sweets by examining tweets about confectionery and meal options (Dondokova et 
al., 2019). Sentiment analysis can reveal favorable or negative sentiments associated with 
specific brands or varieties of confections, assisting companies in making informed 
decisions about product development and marketing strategies (Humphreys & Wang, 
2018). Additionally, it sheds light on aspects like flavor, cost, health benefits, and social 
norms that influence people's food preferences (Nesmith, 2020). This data can help firms 
tailor their messages and marketing strategies to target audiences (Smith, 2011). Academics 
can also use sentiment analysis to understand how consumers perceive healthy eating and 
identify the barriers preventing them from making healthier choices (Wankhade et al., 
2022). Overall, sentiment analysis on Twitter provides valuable insights for organizations 
and researchers to develop strategies promoting healthy eating and enhancing customer 
well-being (Wankhade et al., 2022). 

2 Literature Review 

2.1 Health properties of Millet based confectionary 

 

The term 'millet,' a French word meaning 'a handful of millet contains thousands of 
grains' (Taylor & Emmambux, 2008), refers to one of the earliest grains used for household 
purposes and among the oldest cereals known to humanity (Michaelraj & Shanmugam, 
2013). Millet is a highly nutritious grain that is rich in fiber, promoting digestive health and 
regulating bowel movements. It is also a source of protein with antibacterial properties, 
offering health benefits such as aiding in the management of conditions like obesity, 
diabetes, and high cholesterol levels (Veena, 2003). Millets are rich in micronutrients, 
including niacin, Vitamin B6, and folic acid (Pathak, 2013; Habiyaremye et al., 2017). Anitha 
et al. (2021) suggests that millet may reduce the risk of type 2 diabetes and help manage 
blood glucose levels. Fatma et al. (2016) examined the health benefits of gluten-free 
confections and cakes made with rice flour enriched with germinated millet flour. The study 
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compared samples with varying proportions of millet flour, concluding that using 
germinated millet flour (GMF) enhanced the nutritional content of the baked goods, 
including fat, protein, zinc, iron, calcium, phenolic compounds, and flavonoids. 

Due to the rise in health-conscious eating habits, businesses have responded to fulfill 
customer demands by offering wholesome and sustainable solutions (Olayanju, 2019). The 
demand for millet-based products is increasing due to their nutritional and environmental 
advantages (Shah et al., 2021). Policymakers and international organizations have also 
shown interest, sparking the attention of entrepreneurs in the millet-based goods market 
(Chera, 2017). Food entrepreneurs have embraced millet as a key ingredient in response to 
changing customer preferences for healthier options (Kline et al., 2014; Ganguly, 2018). 
Businesses are adapting to the dynamic market demand by forming partnerships, 
collaborating with suppliers, and streamlining distribution channels despite facing various 
challenges (Talwar et al., 2021). The dynamic market and changing consumer demand 
underscore the potential for millet-based confections in culinary choices. 

2.2 Social media and food product perception 

Social media platforms serve as a convenient means for individuals to express their 
attitudes, opinions, and experiences. The growth in Twitter's active user base and the 
wealth of user-generated content it hosts provide valuable opportunities for scientific 
investigations of public opinion (Pater et al., 2016). To gain a deeper understanding of 
consumer sentiments and perspectives across various sectors of society and the economy, 
it is crucial to analyze the ideas and information present in user-generated content 
disseminated through social media (Mostafa, 2013; Yu et al., 2013). Examining public 
opinions shared openly in social media is particularly essential for comprehending 
consumer dietary choices (Hemmerling et al., 2015; Danner & Menapace, 2020). 

The Twitter micro-blogging app has emerged as a valuable source of information for 
studying human behavior through data mining methods (Hilbert, 2016). Researchers have 
effectively utilized this platform for various studies, including investigations into consumer 
consumption, restrictions, and behavior (Paschen et al., 2020). Notably, Twitter users not 
only provide the content of their published messages but also share supplementary data, 
such as their location (Stefanidis et al., 2013). This location data conveys contextual 
information about people's views and preferences, in addition to their geographic 
information (Stefanidis et al., 2013). 

Social media has evolved into a significant communication medium, with people sharing 
insights into their daily activities, observations, and lifestyles online. Consequently, social 
media networks are increasingly harnessed to gather insights into customer sentiments 
(Dodds et al., 2011) and beliefs (Dwivedi et al., 2021). Moreover, customers are more 
inclined to express their opinions on products through social media compared to traditional 
questionnaire surveys (Rathore et al., 2016). Social media platforms serve as arenas for 
information exchange, communication, and even conflict (Nomisma, 2019). By analyzing 
tweets, businesses can gain valuable insights into how customers perceive specific topics or 
products. 
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2.3 Sentiment analysis 

A well-established technique known as sentiment analysis (Pang & Lee, 2008) is 
employed to determine the polarity of opinions expressed in a specific user's review. The 
polarity of a review is typically categorized as positive, neutral, or negative based on the 
mood conveyed within the text (Hu & Liu, 2004; Liu, 2012). Sentiment analysis, which 
processes natural language, is used to monitor public opinions regarding a product or issue 
(Wankhade, 2022). It assesses beliefs, attitudes, judgments, feelings, and sentiments 
conveyed through written language (Liu, 2012). Sentiment analysis serves as a valuable tool 
for enhancing the quality of products and services in commercial decision-making and 
facilitating information retrieval for individuals (Bueno et al., 2002). It is a crucial technique 
for examining the relationship between food and emotions, a topic that has long been 
studied to understand human behavior. The surge in social media usage and the 
importance of sentiment analysis are intertwined. Both individuals and organizations utilize 
information from various sources when making decisions (Liu, 2012). 

2.4 Early Works on Sentiment Analysis in the Food Domain 

Many researchers have used Twitter data to study various topics in the food and 
beverage domain which includes sentiment analysis, consumer preference, and other food-
related aspects like food quality or health disorders arising from food habits. These 
qualitative studies on Twitter data give insights into the sentiments of people surrounding 
food, diet, and culinary experiences. Some of the prominent research works in the food 
domain have been presented in Table 1 with their objectives and techniques. 

Twitter data has been extensively employed by numerous researchers to investigate a 
wide range of topics within the food and beverage domain, encompassing sentiment 
analysis, consumer preferences, and various aspects related to food, such as food quality 
and health issues stemming from dietary habits. Qualitative studies using Twitter data offer 
valuable insights into the sentiments of individuals concerning food, dietary choices, and 
culinary experiences. An overview of notable research endeavors in the food domain is 
provided in Table 1, with their objectives and the techniques employed to achieve those 
objectives outlined. 

 

Table 1: Previous works on sentiment analysis in food domain 

Study Aim Types of Techniques 

Zhou et al. (2020) To identify eating disorder-
related topics and explore factors 
associated with eating disorders 
using a topic modeling approach. 

The classification was performed using 
CNN, LSTM, SVM, and Naïve Bayes, and 
the analysis was conducted using the 
CorEx topic modeling method. 

Tibra et al. (2017) To study the popularity of 
healthy foods and to predict geo-
located food-based sentiment 
analytics. 

Popularity is examined through data 
mining and feature-based sentiment 
analysis, achieved using a machine 
learning algorithm. 

Oduru et al. (2022) An attempt was made to predict 
the healthiness level of food 
images. 

An image classifier, RESNET152, was 
applied to achieve the research 
objectives in the field of Deep Learning. 
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Wang et al. (2019) To investigate dropout behaviors 
in individuals and estimate the 
causal effects of personal 
emotions and social networks on 
these behaviors.  

The tweets were collected using the 
snowball sampling method. Emotions 
were quantified employing an 
automated sentiment analysis tool, and 
network centralities were assessed 
based on users' following networks. 
Linear and survival regression 
instrumental variables models were 
applied to estimate the effects of 
emotions and network centrality on 
dropout behaviors. 

Sukunesan et al. 
(2021) 

To investigate the engagement of 
Pro-Eating Disorder (Pro-ED) 
communities on Twitter. 

Posting styles across various user metrics 
are compared using Mann-Whitney U 
tests. The factors of Pro-ED Twitter users 
are subsequently examined through the 
application of linear models. 

Samoggia et al. 
(2020) 

To study the content and 
sentiment of Twitter messages 
related to health attributes by 
examining consumer perceptions 
and emotions. 

The objective was achieved through the 
application of frequency analysis, 
keyword-in-context analysis, and 
sentiment analysis based on the Lexicon 
approach. 

Vydiswaran et al. 
(2020) 

To examine the validity of Twitter 
as a source of information for 
neighborhood-level analysis of 
dietary choices and attitudes 

Keyword analysis is performed to 
identify differences in food healthiness 
between the most and least affluent 
tracts. 

Mostafa (2017) To investigate the sentiments 
towards halal food.  

Lexicon based sentiment-analysis was 
applied. 

Vatambeti et al. 
(2023) 

Analyzing customer sentiments 
towards different app-based 
meal delivery brands. 

A sentiment analysis was applied, 
employing a framework that combines 
Convolutional Neural Network (CNN) 
and Bi-directional Long Short Term 
Memory (Bi-LSTM) models to achieve 
the research objectives. 

Pindado and 
Barrena (2021) 

To study the social 
representations of various 
regions worldwide regarding 
emerging food trends.  

Regions with consumers sharing content 
about food trends are identified using a 
density-based clustering algorithm. The 
attitude is addressed through sentiment 
analysis, and sub-regional differences 
are explored through the use of grid 
maps. 

Eskandari et al. 
(2022) 

To investigate conversations 
about food poverty on Twitter 
during the COVID-19 pandemic 
and the subsequent national 
lockdown. 

Tweets containing the terms 'food' and 
'poverty' were gathered within specific 
date ranges using NodeXL Pro software. 
Content analysis was conducted by 
applying social network analysis tools to 
achieve the research objectives. 
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Sproagis and Rikters 
(2020) 

To introduce the Latvian Twitter 
Eater Corpus, a compilation of 
tweets pertaining to food, 
beverages, eating, and drinking. 

Corpus-based sentiment classification 
and analysis is employed to achieve 
research objectives. 

Nova et al. (2022) To understand individual-level 
influences over discrete online 
eating disorder (ED).  

Objectives are achieved through the 
application of a combination of network 
analysis and content analysis, utilizing 
computational topic modeling and 
qualitative thematic analysis. 

Vydiswaran et al. 
(2018) 

To examine the level of 
"healthiness" in tweets related to 
food and analyze the sentiments 
expressed in those tweets 
originating from the 
metropolitan Detroit area. 

Classification techniques were applied to 
achieve the objectives, including: (a) 
Support Vector Machine (SVM), (b) 
Random Forest, (c) Multinomial Naïve 
Bayes, and (d) Logistic Regression with 
the Stochastic Gradient Descent method. 

Hamshaw et al. 
(2018) 

To investigate how the intention 
of food hypersensitivity 
customers is influenced by 
specific characteristics of tweets. 

Hypersensitivity was assessed using the 
Elaboration Likelihood Model and the 
Uses and Gratifications Theory. 

Recuero-Virto and 
Valilla-Arróspide 
(2022) 

To understand consumers' 
perceptions of food-related 
technologies. 

To comprehend consumers' perceptions 
of food-related technologies, sentiment 
analysis was conducted utilizing a 
machine learning approach, and 
precision was assessed using 
Krippendorff's alpha value (KAV). 

Singh and Glińska-
Neweś (2022) 

To understand consumer 
attitudes towards sustainable 
food consumption. 

To comprehend consumer attitudes 
toward sustainable food consumption, 
tweets were gathered using the 
streaming Application Programming 
Interface (API), and topic modeling was 
accomplished through the application of 
the Latent Dirichlet Allocation (LDA) 
algorithm. Subsequently, sentiment 
analysis was conducted employing the 
Syuzhet package, utilizing Lexicon-based 
techniques. 

Singh et al. (2018) To identify supply chain 
management issues in food 
industries focusing on customer 
feedback and flow/quality issues 
of food products. 

To address supply chain management 
issues in the food industry, particularly 
those related to customer feedback and 
the flow/quality of food products, 
Twitter data was analyzed using text 
analysis techniques. This involved 
applying a support vector machine 
(SVM) and hierarchical clustering with 
multiscale bootstrap resampling to 
identify clusters of words associated 
with supply chain issues. 
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Cooper et al. (2022) To understand consumer 
perception of the value 
proposition of vegan food, 
particularly in relation to ethical, 
personal health, and 
environmental factors. 

The predominant themes of 
conversation surrounding vegan food 
were identified through the application 
of Leximancer analysis. 

Nguyen et al. (2017) To build a national food 
environment database using geo-
tagged Twitter and Yelp data and 
to test associations between 
state food environment 
indicators and health outcomes. 

Tweets were classified into happy and 
not happy categories using the Machine 
Learning approach and the Maximum 
Entropy text classifier in MALLET. 

Vidal et al. (2016) To analyze consumers' 
spontaneous expressions of food-
related emotions. 

Consumers' spontaneous food-related 
emotional expressions were analyzed. 
Numbers of emojis in the content were 
manually calculated, and the Chi-square 
test was applied to identify differences 
in the percentage of tweets with emojis. 

Benítez-Andrades et 
al. (2022) 

To categorize tweets related to 
eating disorders, machine 
learning models were applied. 

To categorize tweets related to eating 
disorders, machine learning models, 
including Classification with ML and 
BERT model, were applied. 

Pater et al. (2016) To systematically analyze online 
eating disorder (ED) discussions 
from user-generated content. 

Cross-platform content analysis was 
employed to systematically analyze 
online eating disorder (ED) discussions 
from user-generated content, aiming to 
create a comprehensive corpus of ED-
related posts. 

 

2.5 Research Gap 

While sentiment analysis and machine learning approaches have individually 
contributed to our understanding of public sentiment, there remains a need for research on 
how to effectively integrate these methods for a comprehensive examination of specific 
food products, such as millet-based confections. Current research often focuses solely on 
either sentiment analysis or machine learning, missing the potential synergy of combining 
both approaches. This study aims to bridge these gaps by developing a comprehensive 
framework for sentiment categorization in discussions about millet-based confections on 
Twitter. The research focuses on the top 10 economies, which are globally influential and 
economically significant. Its intent is to provide valuable insights for candy producers, 
marketers, and policymakers looking to tailor their strategies to the preferences and 
sentiments of consumers worldwide. 

3 Methodology 

The study aimed to investigate how millet-based confections were perceived and 
discussed across the top 10 global economies. Text analysis and machine learning 
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techniques were employed to gain a deeper understanding of public opinions and 
perceptions of millet-based confectionary products. The objective was to create a classifier 
that could, based on the language in the tweets, classify them as conveying positive, 
negative, or neutral sentiments. 

Information about millet-based confections was extracted from Twitter chats using 
several approaches. The initial listing of the top 50 words shed light on recurring themes 
and critical elements in this gastronomy sector, representing one of the key findings. 
Sentiment classification accuracy was enhanced through the utilization of a Naive Bayes 
classifier to simplify sentiment analysis. Additionally, the extraction of informative features 
enabled the identification of keywords that supported sentiment categorization. Visual 
representations of subjectivity distributions and polarity added depth to the understanding 
of emotional nuances. A bar chart was employed to provide insights into the distribution of 
positive, neutral, and negative tweets within the sentiment analysis. Word clouds were 
used to create visual representations of frequently associated phrases for all word 
combinations, as well as for neutral, positive, and negative sentiments. An exhaustive list of 
the top 20 terms and word pairs, customized to specific attitude categories and the entire 
dataset, further illuminated the essential linguistic factors influencing discussions about 
millet-based confections. Figure 1 illustrates the step-by-step research methodology, 
starting from data extraction and culminating in the presentation of results. 

To gain insightful knowledge on the acceptability of and feelings towards millet-based 
confections, the power of data pre-processing methods, sentiment analysis, and machine 
learning classifiers was harnessed in this study. The data may prove useful to manufacturers 
of millet-based products, marketers, and policymakers seeking to understand consumer 
attitudes and preferences in the international market. 

3.1 Why 10 Top Economies 

This study aimed to gain comprehensive insights into public attitudes and discussions 
related to millet-based confections. To achieve this, data was collected from the top 10 
economies, as they play a substantial role in the global economy and have a significant 
customer base. These economies often influence global trends and market dynamics, 
making their social media discussions highly relevant. Focusing on these nations allowed us 
to gather a wide range of perspectives and emotions, establishing a robust foundation for 
understanding the global adoption of millet-based confections. Additionally, the knowledge 
gained from these leading economies can be invaluable to confectionery producers and 
marketers, helping them tailor their products and business strategies to cater to the diverse 
tastes and needs of customer segments worldwide. 



69  

 

Figure 1: Highlights of Methodology 
 

3.2 Data Collection 

Data from the top 10 economies in the world were gathered for this study by utilizing 
data scraping methods from various social media sites, including Twitter. To locate tweets 
related to millet-based confectioneries, a keyword-based search approach was employed. A 
total of 1699 tweets were compiled, containing words such as 'millet confectionary,' 'millet 
sweets,' 'millet chocolate,' 'millet-based confectionary,' 'millet desserts,' 'millet candy,' 
'millet snack foods,' and 'millet bakery.' This study aimed to advance our understanding of 
the sentiments and discussions surrounding millet-based confectioneries. 

3.3 Pre-processing 

Data Loading: The dataset of 1699 tweets on millet-based sweets was loaded into the 
Python environment using the Pandas package. The dataset had been stored in a CSV file. 

Text Cleaning: Regular expressions were used to clean the text data from the tweets, 
eliminating unnecessary letters and symbols. This phase ensured that the analysis was not 
hampered by removing any special characters, emojis, or other non-alphanumeric 
characters from the data. 

Tokenization: The word_tokenize function of the NLTK library was employed to 
tokenize the cleaned text into individual words. Tokenization reduced the text to a list of 
words, enabling subsequent word-level processing and analysis. 

Stopword Removal: The NLTK stopwords list for the English language was used to 
eliminate stopwords, sometimes referred to as common and uninformative words, from the 
list of tokens. These stopwords, which had no bearing on the analysis, included words like 
"the," "a," "an," "and," etc. 

Lemmatization: To normalize the words and reduce them to their root or base form, 
the remaining tokens were lemmatized. Lemmatization was performed using the 
WordNetLemmatizer function of the NLTK library, which assisted in reducing word variants 
and maintaining analytical consistency. 
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3.4 Sentiment Analysis 

The TextBlob package was employed to conduct sentiment analysis on the pre-
processed text data. The polarity and subjectivity of each tweet were determined using this 
technique, revealing whether the conveyed sentiments were positive, negative, or neutral. 
Histograms of polarity and subjectivity were utilized to visualize the sentiment distribution, 
providing an overview of the general sentiment patterns in the dataset. The polarity score 
indicated the sentiment of the tweet, ranging from -1 (most negative) to 1 (most positive), 
while the subjectivity score indicated the level of subjectivity or objectivity in the tweet, 
ranging from 0 (most objective) to 1 (most subjective). 

3.5 Naïve Bayes Classification 

A Naive Bayes classifier was trained using the Scikit-learn toolkit to gain further insight 
into the sentiments expressed in the tweets. Eighty percent of the data was employed for 
training, while the remaining twenty percent was designated for testing. To facilitate 
vectorization, the tokens from the training set were converted into strings. The text data 
was vectorized using the 'term frequency-inverse document frequency (TF-IDF)' approach 
with unigrams and bigrams. The Naive Bayes classifier was generated using the training 
data, and its accuracy was assessed using the test data. The training dataset constituted 
80% of the total data, and the remaining 20% comprised the testing data. 

3.6 Classifier Accuracy Evaluation and Feature Extraction 

The accuracy of the Naive Bayes classifier was assessed by training it on the training 
dataset and testing its performance on the test dataset. The accuracy was used to measure 
the precision of sentiment measurement, determined by comparing the classifier's 
predictions to the actual sentiment labels in the test dataset. It is acknowledged that the 
Naive Bayes classifier was used, recognizing its effectiveness could vary with different 
datasets and might not capture more subtle sentiment nuances similar to those 
encountered in the current study. The most useful characteristics of the classifier were 
further investigated by examining the log probabilities corresponding to each feature. 
These descriptive elements revealed the words and word combinations most closely 
associated with both positive and negative emotions. Polarity and subjectivity histograms 
were constructed to depict the overall sentiments conveyed in the dataset, providing a 
deeper understanding of the sentiment distribution. Additionally, a bar chart was created 
to display the distribution of tweets in the positive, neutral, and negative sentiment 
categories. This offered a comprehensive overview of the general sentiments expressed by 
social media users regarding millet-based confectioneries." 

3.7 Word Clouds 

The most commonly used terms across the entire dataset and within each sentiment 
category were visually presented using word clouds. These word clouds provided readers 
with a quick and straightforward understanding of the terms that frequently appeared in 
discussions about millet-based sweets. The frequency of a word in the text data for a 
particular sentiment was represented by its size and boldness in the word cloud. The 
analysis of the word clouds could reveal recurring themes or emotions associated with 
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specific categories. They could help in identifying the key words and expressions that were 
frequently employed and contributed to the overall emotion conveyed in the text data. 

3.8 Software and Libraries Use 

Python programming was used to carry out the pre-processing, analysis, and 
visualization of the data. In this study, the following libraries were used: 

• Pandas: For data alteration, transformation, restructuring, and analysis 

• NLTK (Natural Language Toolkit): For text cleaning, tokenization, stopwords 
removal, lemmatization, and hashtag extraction 

• TextBlob: For sentiment analysis 

• Scikit-learn: For building the Naive Bayes classifier and TF-IDF vectorization 

• WordCloud: For generating word clouds 

• Matplotlib: For data visualization 

4 Results 

4.1 Top Words 

When the tweets on millet-based confections were analyzed, a comprehensive 
examination of the top 50 terms by frequency was conducted, providing insightful 
information on recurring themes and ingredients in this gastronomic domain (Refer: Table 
2). Phrases such as 'gum' and 'Gum' were found to be the most frequently used keywords in 
the context of millet-based confections, with 1060 and 970 occurrences, respectively, 
followed by 'millet' (970) and 'Millet' (480). This suggests that 'gum/Gum' and 'millet/Millet' 
(regardless of capitalization) were the two frequently mentioned components in the 
tweets, underscoring their significance in the realm of confections made with millet. Terms 
such as 'flour' and 'Flour' were also notable, with 610 and 180 occurrences, respectively, 
followed by 'rice' (500). This highlights the prevalence of discussions about the use of rice in 
confections and the mention of various types of flour, possibly including millet flour. A wide 
array of ingredients, including 'sorghum,' 'xanthan,' 'bean,' 'starch,' 'oil,' 'tapioca,' 'maize,' 
'sesame,' 'banana,' 'corn,' 'nut,' 'seed,' 'sugar,' 'potato,' 'kernel,' 'cassava,' 'cocoa,' 
'soybean,' 'groundnut,' and 'oat,' were commonly referenced in discussions about millet-
based confections. This underscores the diversity of ingredients utilized in these 
confections. The appearance of names like 'Lisa,' 'PM,' 'Dealer,' 'Cool,' 'Ralf,' and 'Dub' 
suggests references to individuals or entities associated with the topic. The use of the terms 
'Ft' (feature) and 'DJ' (disc jockey) indicated discussions about upcoming projects or events. 
In the context of millet-based confections, terms such as 'Arabic' and 'Arabic' implied a 
cultural background or influence, potentially indicating regional distinctions or preferences. 
Words like 'use,' 'crop,' and 'yeast' indicated discussions about the utilization, cultivation, 
and processing of materials in millet-based confections. Words such as 'Lovin,' 'Trippin,' and 
'also' may imply positive sentiments or favorable associations with millet-based 
confections. These findings reflect a diverse range of debates and discussions surrounding 
millet-based confections, encompassing topics related to ingredients, preparation, cultural 
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considerations, and potential positive associations. These results shed light on the 
gastronomic elements and linguistic nuances that characterize discussions about millet-
based confections. A more in-depth analysis of the contextual content around these 
phrases can unveil subtle patterns and meanings, contributing to a deeper understanding of 
this culinary discourse and enhancing the research's granularity. 

 

Table 2: Top 50 Words By Frequency: 
 

Words Frequencies Words Frequencies 

gum 1060 Dj 150 

millet 970 tapioca 150 

flour 610 maize 150 

Gum 520 sesame 140 

rice 500 like 130 

Millet 480 banana 130 

sorghum 390 corn 120 

amp 280 nut 110 

xanthan 250 seed 110 

bean 240 Sorghum 110 

Lisa 230 glutenfree 110 

PM 220 sugar 100 

starch 210 potato 100 

Dealer 200 use 100 

Cool 200 Ft 100 

Ralf 200 kernel 100 

oil 200 cassava 100 

Trippin 180 cocoa 100 

Dub 180 soybean 100 

Flour 180 groundnut 100 

Lovin 170 oat 90 

Arabic 170 Maize 90 

Arabic 170 also 90 

crop 170 DJ 90 

palm 160 yeast 90 

4.2 Accuracy 

A fairly high accuracy of 99.12% was achieved by the Naive Bayes classifier when it was 
used for the sentiment analysis of tweets on millet-based confections. This demonstrated a 
remarkable level of accuracy in classifying tweet sentiment as positive, negative, or neutral. 
The classifier's ability to distinguish and categorize emotions accurately highlighted its 
strength and effectiveness in capturing the subtle emotional content of the tweets, 
underlining its potential as a valuable tool for sentiment analysis within the domain of 
millet-based confections. 
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4.3 Informative Features 

The top 50 informative features of the Naive Bayes classifier were analyzed to obtain 
valuable insights into the essential words and phrases crucial for the classification of 
sentiment in tweets about millet-based confections (Refer: Table 3). The log probability 
scores associated with these features indicated their relative importance in distinguishing 
sentiments. Phrases such as 'toilet asking,' 'bought,' and 'wheat' displayed higher negative 
log probabilities, suggesting an association with unfavorable attitudes. Conversely, terms 
like 'natural,' 'starter,' and 'starch' exhibited lower negative log probabilities, indicating a 
connection to positive sentiments. It is worth noting that the presence of specific 
components like 'cocoa,' 'palm,' and 'sesame' appeared to influence people's moods. 
Furthermore, words like 'maize,' 'sorghum,' and 'millet,' referring to gum, flour, and other 
grains, demonstrated greater significance. 

 

Table 3: Top Informative Features 

Informative 
Features 

Log 
Probability 

Informative 
Features 

Log 
Probability 

toilet asking -7.323305751 sesame -7.138362728 

bought -7.321121404 cocoa -7.128964579 

wheat -7.305203393 palm -7.119721812 

starch millet -7.300121553 seeds -7.114686387 

chewing -7.292851606 guar -7.113772642 

chewing gum -7.292851606 guar gum -7.113772642 

give -7.284459987 xanthan -7.107196973 

natural -7.278145605 xanthan gum -7.101440926 

starter -7.272065421 rice millet -7.064211933 

starch -7.268730125 etc -7.050354476 

rye -7.249491886 buy -7.040910231 

acid -7.248818505 flour organic -7.027850613 

groundnut -7.237788601 cheese -6.993323355 

produce -7.216089717 maize -6.956821874 

yam cassava -7.20178603 friend -6.951369366 

base -7.200182836 rice -6.943836559 

sugar -7.181008459 mac -6.925543644 

seed -7.169428106 bean -6.889907086 

gum stale -7.143813462 arabic -6.859088897 

pk -7.143813462 gum arabic -6.840175039 

pk sour -7.143813462 flour -6.626695159 

sour -7.143813462 organic -6.624611483 

sour chewing -7.143813462 sorghum -6.555542524 

stale  -7.143813462 millet -6.452474821 

stale millet -7.143813462 gum -6.413377903 
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The study of the polarity and subjectivity scores revealed important details about the 
attitudes that people had toward millet-based confections. It was clear from looking at the 
polarity score distribution that the bulk of tweets fell between -0.15 and 0.6 (Refer: Figure 
2). In particular, the neutral point, which is represented by a polarity score of around 0, was 
found to have the highest frequency of tweets (as shown in Figure 2: Polarity Distribution). 
The frequency then reached noticeable maxima at polarity scores of 0.35 and 0.15. This 
distribution indicates a neutral mood landscape, with a sizeable fraction of tweets 
expressing a favorable opinion of millet-based confections. 

 

 

Figure 2: Polarity Distribution 

 

The study of subjective scores provided further context for the sentiment analysis of 
people regarding millet-based confections. The subjectivity distribution analysis found 
significant trends in the subjectivity distribution of tweets. Notably, the subjectivity score 
range between 0 and 0.05 showed the highest frequency, indicating that tweets about 
millet-based confectionary tended to use objective and factual language more frequently 
(Refer: Figure 3). Next, subjectivity ratings in the range of 

0.25 to 0.6, then 0.65 to 0.7, were connected to the next highest frequencies. These 
patterns offer a detailed view of the many levels of subjectivity employed in tweets on this 
culinary topic, as seen in Figure 3: Subjectivity Distribution. The research shows that millet-
based confectionary discourse is frequently balanced between objective and subjective 
expressions among consumers, demonstrating a diverse interest in the topic. 
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Figure 3: Subjective Distribution 

 

The sentiment analysis of the dataset offered valuable insights into the prevailing user 
attitudes regarding millet-based confections. Sentiment classification revealed a 
predominantly positive sentiment, with 950 tweets expressing favorable and pleasant 
comments about confectionery items made from millet (See: Figure 4). This indicates strong 
support and appreciation for these items within the discussions. Simultaneously, a 
substantial portion of tweets—519 in total—was categorized as neutral, suggesting that 
consumers adopted a fair-minded and objective perspective, reflecting either the 
presentation of factual information or a lack of strong sentiment. A smaller but still 
significant fraction of tweets—230 in number—expressed negative sentiment, likely 
conveying unfavorable opinions or dissatisfaction with specific aspects of millet-based 
confections. The sentiment analysis, as displayed, underscores the dominance of positive 
sentiment, reflecting users' overall preferences for these confections. This finding could 
influence the industry, as a positive sentiment trend may indicate an opportunity for the 
promotion and further development of millet-based confectionery products. 
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Figure 4: Sentiment Analysis 

 

4.4 Most Frequent Positive Words 

The Twitter sentiment analysis of millet-based confections was conducted, offering an 
abundance of fascinating insights into the positive word sentiments. The term 'gum' (570) 
and 'Gum' (340), with a total count of 910, were found to be the most frequently occurring 
positive words, followed by 'millet' (580) and 'Millet' (280), totaling 860. Furthermore, the 
term 'flour' appeared 380 times, demonstrating its diverse application in confectionery. The 
variety of elements under examination was further enriched by 'rice,' appearing 340 times. 
Notably, the research revealed the significance of several names, with 'Lisa' and 'Sorghum' 
each receiving 220 occurrences, potentially indicating a positive association. Terms like 
'Dealer,' 'Cool,' 'Ralf,' and 'Trippin,' each occurring 200 times and conveying elements of 
delight and enthusiasm, contributed to the overall positive sentiment. Words such as 'Dub,' 
'Bean,' 'PM,' and 'Lovin' added to the diverse and vibrant sentiment landscape, with 
frequencies ranging from 180 to 170. In conclusion, this investigation shed light on the 
complex nature of discussions surrounding millet-based confections and provided a 
comprehensive understanding of the predominantly favorable attitudes within this culinary 
domain. 
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4.5 Most Frequent Neutral Words 

A range of neutral phrases were discovered during our investigation, providing 
significant contextual insight into the discussion of millet-based confections. Notably, the 
term 'gum,' in both capitalized and lowercase forms, was observed 440 times, underscoring 
its flexibility and importance. Similarly, 'millet' emerged as a prominent phrase with a total 
of 380 occurrences, indicating its widespread usage. The word 'flour,' with 220 instances in 
various capitalization forms, demonstrated a nuanced usage pattern. Furthermore, the data 
unveiled the significance of terms such as 'rice,' neutrally mentioned 110 times, and 
'sorghum,' which appeared 160 times in both capitalized and lowercase variants. Specific 
words like 'starch,' 'amp,' 'Maize,' and 'cup' were each encountered 80 times. The research 
also identified specific references, such as 'Arabic,' which surfaced 90 times, suggesting 
potential cultural contexts. Words like 'tapioca,' 'cassava,' 'xanthan,' and 'cotton' were 
found between 70 and 50 times, subtly underscoring their presence. 'Crop' and 'tonne,' 
each appearing 50 times, provided subtle hints within the conversation about millet-based 
confections. This investigation has shed light on the intricacies of neutral sentiments and 
their interplay within the domain of food. 

4.6 Most Frequent Negative Word 

The investigation of language surrounding millet-based confections revealed numerous 
unfavorable terms. The unfavourableness was attributed to the approach of the tweets and 
demanded cautious attention. Prominent among these were the words "gum," "millet," and 
"flour," with frequencies of 230, 210, and 100, respectively, casting a shadow over elements 
associated with these compounds. Notably, capitalization differences did not diminish the 
impact. The word "flour," with a count of 100, reflected issues surrounding this ingredient. 
The word "seed" appeared 80 times, regardless of capitalization, and stood out as one of 
the top 20 negative words. Additionally, "Organic," "rice," "bean," and "Arabic" played 
significant roles, with each phrase appearing 50 times, highlighting the various dimensions 
associated with negative sentiment. The study also revealed characteristics linked to the 
words "xanthan" and "maize," each appearing 40 times among the top twenty negative 
words. The research also underscored the relevance of the words "etc," "sugar," "natural," 
"amp," and "sesame," each appearing 30 times among the top negative words, calling for 
attention to complex issues. These findings regarding unfavorable attitudes toward millet-
based confections, shedding light on intricate interactions, emphasize the need for in-depth 
investigation in these areas. 

4.7 Word Pair Cloud 

The cluster of terms that appeared as the most common pairs in the discussion of 
millet-based confections was presented in the form of a word pair cloud, and their 
frequencies were extracted. The words 'Gum Arabic,' 'gum Arabic,' and 'gum Arabic,' were 
found to be the most significant word pair, with 90, 70, and 140 occurrences, regardless of 
capitalization. 'Xanthan gum' emerged as the next dominant word pair with a frequency of 
240, emphasizing its crucial role in millet-based confections. The names 'Lisa Millet' and 
'Millet Cool' both appeared 190 times, underscoring specific individuals and entities. 'Rice 
flour' and 'Ralf Gum' prominently appeared 180 times, evoking a symphony of textures and 
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flavors. 'Cool Lovin' and 'Lovin Ralf,' resonating with 170 occurrences, delved into a range of 
experiences for emotional investigations. 'Trippin Dub' and 'Gum Trippin,' intertwined 170 
times, continued to create a vivid mosaic of emotions. 'Dj Dealer' and 'Dealer Ft' intersected 
130 times, contributing a rhythmic cadence to the confection narrative. 'Ft. Lisa' and 'millet 
flour' each appeared 100 times, enriching the conversation with diverse flavor and 
compositional aspects. Additionally, 'palm kernel' and 'brown rice' made 80 and 70 
appearances, introducing various textures to the dialogue. The terms 'rice millet' and 
'sorghum millet,' both captured 70 instances, underwent further relationship analysis, 
revealing a tableau of culinary fusions and influences. These related word pairs offered a 
mosaic of ideas that enriched the discussion surrounding millet-based confections by 
weaving together a rich tapestry of tastes, personalities, and culinary creations. Figure 5 
displayed the word pair cloud of the tweets. 

 

 

 

Figure 5: Word Pair Cloud 
 

4.8 Positive Word Pairs 

A symphony of positive expressions was unfolded in the world of millet-based 
confections through frequent combinations that eloquently elicited a range of emotions. 
The linked phrases 'Lisa Millet' and 'Millet Cool,' each resonating with 190 occurrences and 
evoking visions of delightful experiences, reached their peak. In complementing this, 'Ralf 
Gum' and 'Cool Lovin' unfolded with equal significance at 180 and 170 instances, 
respectively, capturing joyful and adoring moments. The dynamic interplay of 'Loving Ralf,' 
'Trippin Dub,' and 'Gum Trippin,' which reverberated at 170 and 160 frequencies, depicted 
stories of companionship and adventure within these culinary realms, echoing similar 
emotions. The phrase 'xanthan gum' was used 140 times, emphasizing the crucial role of 
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this component in confections. When it came to fusing audio experiences with the culinary 
journey, 'DJ Dealer' or 'DJ Dealer' took the stage with 130 and 70 occurrences, respectively. 
The appearance of 'rice flour' 120 times reflected its significance in flavor and texture. 
Additionally, 'Dealer Ft' and 'Ft Lisa' together revealed 100 instances, representing the 
convergence of elements in these creations. The term 'gum Arabic' appeared 80 times, 
while the phrases 'palm kernel' and 'millet flour' intersected 70 times each, orchestrating 
the composition of ingredients in these confections. An expertly crafted story of flavors that 
evoked moments of pleasure was unveiled by the ethereal coupling of 'cashew nut,' 'nut 
cassava,' 'cassava cocoa,' and 'cocoa bean,' each appearing 60 times. Figure 6 presented the 
word pair cloud illustrating the positive sentiments expressed by people in the tweets. 

 

 
 
Figure 6: Positive Word Cloud 
 

4.9 Neutral Word Pairs 

A tapestry of neutral statements was formed within the realm of millet-based 
confections, created through the recurrence of word pairs that intricately embellished the 
sensory experience. While 'rice flour' was delicately converged with them, resonating 
peacefully, the delicate combination of 'Gum Arabic' and 'xanthan gum,' each echoing at 60 
instances, played a role in providing texture and cohesion. The words 'rice flour' and 'flour 
cup' appeared 60 and 50 times, respectively, symbolizing the fundamental components of 
the confections. 'Tapioca flour' and 'potato starch' interlaced 30 times each among the 
neutral expressions, highlighting the complexity and nuance of flavor profiles. This 
contributed to a sense of balance and wholesomeness by embracing the simplicity of 
'sorghum millet' (regardless of capitalization) and 'millet rice,' which appeared 50 and 30 
times, respectively. The echoes of 'guar gum' and the harmony of 'Sorghum Maize,' both 
with a frequency of 30, further revealed the intricately woven textures and harmonies 
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within this sonic tapestry. Intricate tales of flavors and craftsmanship were woven by 
'Wheat FlourOatsGum,' manifesting delicate infusions by blending ingredients in 20 
different instances, and by 'FlourOatsGum Arabic SugarMilletJuniour,' 'Mammoth pecan,' 
and 'ArabicSugarMilletJunior Mammoth,' each resonating 20 times. The fusion of the words 
'starch millet,' 'Arabic Sogom,' and 'sogom millet' appeared 20 times, reflecting the diversity 
of the confections. The term 'market omdurman,' appearing 20 times, indicated the 
popularity of these millet-based confections in local markets. Figure 7 presents the word 
pair cloud depicting the neutral sentiments expressed by individuals in the tweets. 

 

 
 
Figure 7: Neutral Word Cloud 
 

4.10 Negative Word Pairs 

In a separate tapestry of unfavorable mood, a subtle limit of gastronomic discovery was 
hinted at by incongruous word combinations. The words "xanthan gum" and "gum Arabic" 
were each found 40 times among the top twenty negative words, casting a shadow over the 
sensory experience and prompting contemplation on texture and structure. The 
contradictory interaction of "Flour Organic," resonating 30 times, signified discontent and 
dissatisfaction, while the rhythmic union of "rice millet," interlacing at 30 frequencies, 
indicated a potential amalgamation of grains. The words "guar gum" and "sesame seed," 
both appearing 20 times, combined to reveal complexity with a hint of bitterness. As 
"psyllium husk" beckoned with its own weight of significance, echoes of "xanthum gum" 
and "gum psyllium," both occurring 20 times, triggered contemplation regarding the 
amalgamation of materials. Amidst the layers, "millet flour" appeared 20 times, adding 
depth to the narratives. Meanwhile, "indifferent Krusteaz" and the identity of the "Krusteaz 
brand," each recurring 10 times, injected comments on indifference and brand connections. 
"Sorghum brown" and "brown rice," both echoing at 10 occurrences, provided a sensation 
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of earthiness and subdued contentment. The inclusion of words like "brand composed" and 
"composed sorghum," with 10 appearances each, reflected the complexities between millet 
types and their underlying characteristics. "Gum etc" and the enigmatic "etc like," each 
resonating at 10 frequencies, echoed a world of uncertainties. The terms "brown rice," 
"millet quinoa," and "quinoa xanthan," each appearing ten times, shed light on various 
textures and represented interactions within the world of millet compositions. Figure 8 
displayed the word pair cloud of negative sentiments realized from the tweets by people. 

 

 
Figure 8: Negative Word Cloud 
 

5 Discussion 

The examination of tweets centered on millet-based confections involves the analysis 
of top-frequency phrases, yielding valuable insights into the recurring themes and 
influential ingredients within this culinary context. Notably, terms like 'gum' and 'millet' are 
frequently encountered, indicating their significance in confection-related discussions. The 
frequent occurrence of words such as 'flour' and 'rice' underscores the diversity of 
components and their varied applications. Beyond these components, the presence of 
phrases like 'Arabic' suggests cultural influences, while names like 'Lisa,' 'PM,' 'Dealer,' and 
others add a personal dimension to the discourse. The sentiment analysis reveals a 
predominantly favorable attitude toward millet-based confections, signifying a strong 
preference among users. The high accuracy of the classifier highlights its ability to capture 
subtle emotional nuances. Particular words, such as 'cocoa,' 'palm,' and 'sesame,' play a 
pivotal role in influencing sentiments, shedding light on the critical terms contributing to 
sentiment categorization. In terms of subjective scores, a well-balanced mix of objective 
and subjective statements is evident, while the polarity distribution indicates a primarily 
neutral stance. 
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A complex tapestry of concerns and perceptions is unveiled through further 
examination of neutral and negative sentiments. Terms such as 'gum,' 'millet,' and 'flour,' 
which accentuate their multifaceted applications, is imbued with neutral emotions. 
Conversely, negative sentiments accentuate the challenges associated with terms like 
'Organic,' 'rice,' 'bean,' and others. These intricate sentiments offer a comprehensive insight 
into the diverse perspectives and emotions that are encompassed within the realm of 
millet-based confections. 

The complex linkages and feelings surrounding millet-based confections are revealed 
through word pair analysis of the discourse. Notably, certain combinations, such as 
'xanthan gum,' underscore the significance of specific components in these confections and 
showcase the meticulous balance of flavors and textures. Additionally, the frequent 
mentions of names like 'Lisa Millet' and 'Millet Cool' impart a personal touch and allude to 
heartwarming interactions and shared culinary adventures. Further investigation uncovers a 
intricate interplay of feelings in pairs like 'Cool Lovin,' 'Lovin Ralf,' and 'Trippin Dub,' 
suggesting a spectrum of pleasure, affection, and adventure evoked by these confections. 
Furthermore, the recurrent use of 'Gum Arabic' in various capitalizations not only draws 
attention to its widespread utilization but also hints at potential cultural implications 
associated with these treats. The exploration of neutral and unfavorable pairings unveils 
the intricate interplay of tastes and ingredients, highlighting the exquisite balance that 
characterizes the realm of millet-based confections. Overall, word pair analysis contributes 
to a deeper understanding of this culinary domain by enhancing comprehension of the 
intricate tapestry of flavors, emotions, and cultural nuances that permeate discussions 
surrounding millet-based confections. 

5.1 Implications 

5.1.1 Administrative Implications 

The conclusions derived from the sentiment analysis of tweets related to millet-based 
confections bear substantial administrative implications and provide value to a range of 
stakeholders. Firstly, the favorable perception of millet-based confections, as revealed by 
these findings, can guide public health authorities and policymakers in formulating dietary 
recommendations that align with consumer preferences. Secondly, this study can be 
utilized by food regulatory agencies to monitor and evaluate the level of interest in specific 
ingredients, such as 'gum' and 'millet,' to ensure their safe and ethical use. Additionally, 
marketing and advertising firms can draw upon the prevalent positive sentiments and 
cultural associations identified in the tweets to develop effective promotional strategies for 
millet-based confections. 

5.1.2 Managerial Implications 

The management implications resulting from this research provide valuable insights for 
executives in the food industry and confection producers. Firstly, the emphasis on specific 
ingredients such as 'flour' and 'rice' suggests the potential for product innovation and 
diversification, encouraging the exploration of new recipes and variations. Secondly, the 
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popularity of certain names, such as 'Lisa' and 'Sorghum,' suggests the possibility of 
celebrity endorsements or collaborations to enhance brand recognition. Furthermore, 
when managers are informed about the emotional associations linked with particular 
ingredients, they are better equipped to tailor their messaging and packaging to resonate 
with the emotions of their target consumers. 

5.1.3 Research Implications 

The results of this study offer opportunities for further investigation and understanding 
from a research perspective. Firstly, the subtle interactions between emotions and 
ingredients open the door to in-depth sensory inquiries that unveil the emotional and 
gustatory factors influencing consumer choices. The identified phrases and their 
correlations with sentiments also form the basis for linguistic and cultural studies, 
contributing to a deeper understanding of how language influences food perception. The 
proficient application of sentiment analysis in a culinary context also encourages the 
exploration of analogous methods in other gastronomic investigations, showcasing the 
potential for interdisciplinary discoveries. 

5.2 Limitations 

While this study offers valuable insights, it is not without limitations. Firstly, the 
accuracy of sentiment categorization can be influenced by the potential inability of 
sentiment analysis to recognize highly context-dependent emotions, idiomatic phrases, or 
subtle feelings. Secondly, the study is constrained by the available dataset, which may not 
fully represent the complete spectrum of feelings and attitudes toward millet-based 
confections. Furthermore, the study restricts its analysis to tweets written in English, 
possibly excluding opinions expressed in other languages. Thirdly, there is an absence of 
approach to explore the in-depth reason behind the sentiments. While we have conducted 
sentiment analysis, it doesn't capture the underlying factors influencing these sentiments 
fourth, this study lacks in the incorporation of an accurate and representative training 
dataset for the machine learning model, which is essential for its effectiveness. Fifth, due to 
the frequent use of brand name or trending topics related to our keyword “millets”, the 
sentiment analysis, word cloud and word-pair cloud discloses the instances where the 
terms associated with personal names and unrelated subjects crops up. In our current 
study, these associations may not be readily discernible. Finally, the research does not take 
into account time hence this study fails to define the evolution of the sentiments over time 
and the potential influence from the outside sources over the time. Recognizing these 
limitations opens the door to future studies that can address these issues and provide a 
more comprehensive understanding of attitudes related to millet-based confections. 

5.3 Future Scope 

In the realm of future research possibilities, several avenues open up for expanding our 
understanding of millet-based confections and the sentiments surrounding them. Firstly, 
the inclusion of sentiment analysis from multiple geographic locations will create 
opportunities for cross-cultural and regional assessments. Understanding how millet-based 
confections are perceived across various cultures and nations can help unveil their universal 
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appeal and cultural nuances. Secondly, the utilization of more advanced natural language 
processing methods, such as deep learning models, will provide a deeper understanding of 
the subtle emotional nuances within conversations. These models can be employed to 
uncover nuances, sarcasm, and context-specific emotions that may be overlooked by 
current approaches. Thirdly, the incorporation of multimedia content analysis, such as 
photos and videos posted on social media, will provide a comprehensive understanding of 
the verbal and visual elements that influence sentiment. These elements can be leveraged 
to create a more holistic understanding of consumer sentiments toward millet-based 
confections. Fourth, the adoption of more advanced techniques such as Part-of-Speech 
tagging, Named Entity Recognition, sentiment lexicon analysis, and Latent Dirichlet 
Allocation (LDA) can also be applied for the identification of sentiment-related phrases, key 
themes, and topics within the tweets. The LDA approach may not provide the reasons of 
the sentiments directly but can contribute to the study by figuring out the reason of the 
sentiments from the themes those are associated with the sentiments. Understanding 
these topics can potentially shed light on the reasons behind sentiments expressed in the 
data. The themes can also clarify the emergence of personal names in the word cloud or 
word pair cloud. Moreover, by organizing the data by date and time and by applying trend 
analysis can shed lights on the evolution of sentiments over the time and can give more 
contextual meaning of the sentiments. 
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