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Abstract 
This research investigates consumer opinions on organic options in the city of Hyderabad, 
Telangana, employing sentiment analysis as a methodology. With the growing awareness of health 
and environmental concerns, the demand for organic products has witnessed a surge in recent 
years. Understanding consumer sentiments towards organic options is crucial for businesses and 
policymakers to align their strategies with consumer preferences. The study utilizes sentiment 
analysis techniques to analyze a diverse set of opinions sourced from social media platforms, 
reviews, and online forums. By employing natural language processing algorithms, the sentiments 
expressed by consumers are categorized into positive, negative, or neutral. The research aims to 
discern patterns and trends in consumer sentiments, shedding light on the factors influencing their 
perceptions of organic options. The goal of this study is to collect all of the organic food-related 
tweets and analyze the sentiment behind them. This study offers suggestions for more objective 
research methods in studies of food consumption and answers to a desire for the use of big data 
and text mining in several research domains. Since the food industry is one of the leading causes 
of climate change, understanding how this influences customer tastes is becoming more and more 
important. There are a lot of problems with using self-reported methodologies like surveys and 
interviews to look at how people see organic food.So, to look at how people generally feel about 
organic foods, we used more objective approaches like text mining and big data in our study. We 
gathered 43,724 tweets by using Twitter's streaming API. Our topic modeling strategy was based 
on Latent Dirichlet Allocation (LDA). To find out how well they were selected, we checked 
whether the topics were relevant. Syuzhet gauged popular sentiment by using the NRC emotion 
lexicon. Discussions on organic plant-based diets, environmental preservation, organic farming 
and standards, authenticity, home-delivered meals, and related subjects were indicated by the topic 
modeling results. The sentiment analysis results show that organic foods are generally well-
received by Hyderabadi customers, while some of them are sceptical about the health benefits and 
pesticide-free promises made for them. The study adds to the body of knowledge on consumer 
behavior by using research methods based on big data and text mining. By providing a fresh 
viewpoint on public sentiment toward organic food, this study contributes to the existing body of 
literature and research on sustainable food consumption. 
Furthermore, the study explores the implications of these sentiments on the organic market in 
Hyderabad, providing valuable insights for businesses and policymakers. The findings of this 
research contribute to the existing body of knowledge on consumer behavior towards organic 
products, facilitating informed decision-making in the organic sector. The use of sentiment analysis 
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ensures a nuanced understanding of consumer opinions, allowing for a comprehensive evaluation 
of the organic landscape in Hyderabad, Telangana. 
Keywords: Organic foods, Text mining, Big data, Sentiment analysis, Latent Dirichlet 
Allocation (LDA) 
 
Introduction 
The most common approach to study customer behavior, including food-related beliefs and 
emotions, uses the self-reported method, e.g., participants declare themselves their feelings and 
emotions in interviews or verbal questionnaires [1, 2]. It stands for significant limitation of such 
studies. While self-report methods have many advantages, they might be affected by biases such 
as social desirability bias, response bias, and com- mon method bias [3, 4]. Moreover, some 
problems are very hard to capture; for example, emotions are, by nature, subjectively experienced 
in a specific context, so their objective assessment is very difficult [5, 6]. Wang et al. [7] and 
Feizollah et al. [8] argue that state- of-art computational techniques based on machine learning 
methods can potentially eliminate such methodological issues.There is growing interest in 
understanding consumer choices for foods [9, 10]. It is motivated, first of all, by climate change a 
serious global issue that poses an urgent and perhaps one of the greatest challenges facing 
humankind [11, 12]; the food industry contributes predominantly to these effects. Agriculture 
accounts for over a quarter of global greenhouse gas emissions; half of the total habitable land is 
used for agriculture; it uses 70% of global freshwater withdrawals and causes 78% of waterways’ 
pollution; 94% of mammal biomass (excluding humans) is livestock [13, 14]. Unsustainable food 
con- sumption and its tangible consequences on human health and the environment, direct the 
public attention to organic foods which are viewed as ecological and healthy [9, 10]. European 
Union (EU) describes organic production as an overall system of farm man- agement and food 
production that combines best environmental practices, a high level of biodiversity, the 
preservation of natural resources and the application of high animal welfare standards [15]. 
The objective of this study is to identify the topics that users post on Twitter about organic foods 
and to analyze the emotion-based sentiment of those tweets. People find social media platforms 
convenient to share their experiences, attitude, and opinion. The rise in the number of active users 
and users’ contents on Twitter delivers the scope for scientific exploration of public attitudes. In 
the present study, we extract the latent top- ics on organic foods from Twitter data and analyze the 
public sentiments about such foods. The study is the first of its kind, in this line of research, to use 
text mining based on unsupervised machine learning technique, which eliminates the limitations 
of sample size and subjectivity of conventional methods.So far, the studies on food consumption 
have utilized rather subjective traditional research methods, such as questionnaire surveys and 
interviews [16–19]. Although the body of research on organic food consumption is quite large, the 
question of why peo- ple buy organic food is still not fully understood [16, 20, 21].  
 
Literature review 
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Organic food production is based on environmentally sustainable techniques excluding chemical 
or synthetic additives; its ecological nature strongly supports ecosystems and bio-diversity. 
Organic food production and consumption are also considered as animal-friendly and related to 
fairness and human health. Recent years have brought increased consumers’ interest in organic 
food. Its global market is valued at 96.7 billion USD and a growing number of countries adopts 
distinct regulations for its culti- vation . Organic food production and trading are among the fastest-
growing indus- tries in the food market in Europe, South America, Oceania, and Japan . 
Customers buy organic foods due to rising food safety concerns [17] and health con- sciousness 
[18], but also because of its taste. Consumer motivations for choosing organic foods are 
categorized as related to health, environment, and social conscious- ness [16]. Dr.Naveen 
Prasadula A rising level of concern for environmental and ecological welfare supports organic food 
consumption as animal friendly [20] and as a counter-option to conven- tional food production 
using chemical, synthetic and genetically modified means [24,]. Other non-egotistical factors of 
organic food consumption include supporting local producers and reflect concern for society and 
consumer social surroundings [19]. Recent studies suggest that perceived values (utilitarian and 
hedonic) influence con- sumer willingness to buy organic foods. It is the perceived value of a 
product from the multisensory and emotive aspects. The utilitarian value is the assessment of 
functional benefits and drawbacks of a product or service. In the context of organic foods, the 
utilitarian value refers to the nutritional quality, purity, safety, and healthy attributes . The hedonic 
value of organic food refers to the pleasure felt from the taste and the freshness and purity. 
Concerning emotions influencing sustainable customer behavior, the picture is also very complex. 
Literature delivers evidence for the consequences of both negative and positive emotions in this 
regard. Among negative emotions, e.g., guilt is argued to influence sustainable behaviors because 
of consumer feelings of moral responsibility for the environment. Also, sadness was shown to 
affect more pro-environmental behaviors, such as giving higher monetary donations to sustainable 
causes. On the other hand, consumers are likely to engage in sustainable behaviors when they 
derive positive emotions from the behavior. For example, joy and pride influence intentions to 
decrease plastic water bottle usage, while optimism can motivate to main- tain such behaviors over 
time.  
Research method 
This section introduces the methods used in the study, followed by the subsections out- lining each 
stage in detail. Figure 1 depicts the methodological architecture of the study. As shown in Fig. 1, 
the first step involved data acquisition. Tweets are collected via Twit- ter APIs using the keyword. 
In the second step, the tasks of data preprocessing were performed (please refer to the Data 
collection and Pre-processing sections for more details). In the third step, the final data obtained 
from the second step was analyzed. Topic modeling was applied for topic extraction followed by 
topic significance ranking. In the last step, emotion-based sentiment analysis was performed, 
wherein the underly- ing emotions in the tweets were calculated and visualized the overall results. 
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Data collection 
Twitter posts were extracted for this study. Twitter is a very popular online social net- work for 
mass communication and information dissemination and referred to as the gold mine of data. 
People find Social Networking Sites (SNS) a platform to share their views, opinions, information, 
and ideas at any time, thereby leaving the scopes for scientific research. The data is easily 
accessible and is useful for those studying public attitudes, opinions, beliefs, and behaviors. In this 
study, tweets were obtained by using Twitter Streaming Application Programming Interface (API). 
R 4.0.4 and Python 
3.9 were used for the data extraction, storage, pre-processing, data mining, and result visualization. 
Tweepy, a popular Python library, was used for accessing the Twitter API. The tweets were 
streamed for the keyword ‘’Organic Food’’. Only tweets written in Eng- lish were considered, with 
no geographical restriction. The extracted dataset has the Tweet object which includes fundamental 
attributes such as ‘created_at’ (the time when this tweet was created), and ‘text’ (tweets), 
screen_name, and geo-tagged location. How- ever, we have taken only tweets in our analysis. 
 
Data pre‑processing 
Social media data is interesting but is unstructured. A piece of meaningful informa- tion can be 
drawn if the quality data is ensured. The unstructured and semi-structured data need pruning to get 
an insight from it. The quality of Twitter data in this study was ascertained through the framework 
of accuracy proposed by, followed by extensive data pre-processing and cleaning. The accuracy 
was ascertained keeping in mind the query error, interpretation error, and coverage error during 
the data collection phase as suggest.We used Microsoft Excel and R Programming Language for 
data pre-processing. We adopted the following three steps for data pre-processing. Denoising of 
data was done in the first step. In here, advertisements, duplicate data, and irrelevant posts were 
deleted. In the second step, stop words, URLs, symbols, and the words that appear frequently and 
do not contribute to sentiment analysis were also removed. We employed the ‘tm’ package to 
remove such contents from the text data. Stop words, such as is, the, an, how, and what, were 
eliminated as these words do not contain relevant information. Similarly, URLs and numbers also 
do not contain any information, thus were eliminated. Finally, in step 3, words were converted into 
the lower case before stemming and lemma- tization was done. Thus, the cleaned data obtained 
was considered in the final analyses of the study. 
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Topic modeling 
Latent semantic analysis (LSA), probabilistic latent  semantic  analysis  (pLSA),  and LDA are the 
three most commonly used topic modeling techniques. We adopted LDA in this study for the 
following reasons. LSA is an effective dimensionality reduc- tion technique, which can achieve 
significant compression in large collections while capturing some aspects of basic linguistic 
notion. However, the drawback of LSA is its inability of fitting a model to data to represent the 
documents into multiple topics. Although the pLSA approach solves the representation challenge 
in LSA, it cannotgeneralize to unseen documents due to the lack of a well-defined generative 
model. The method is also prone to overfitting, which is a serious issue, whereas LDA is capable 
of performing dimensionality reduction, semantic annotation, mixture modeling, and 
generalization ability without such major issues. Since this study is based on the cross-sectional 
research design, analysis of the temporal pattern of associated topics and topic correlation  is  out  
of  the  scope  of  this  paper.  Therefore, the topic modeling techniques like ‘Topics over Time’, 
‘Dynamic Topic Model’ and ‘Pachinko Allocation Model’ are ruled  out.  Thus,  LDA-based  topic  
modeling  suits well for achieving the objectives of this study.LDA is a sophisticated unsupervised 
machine learning technique for identifying the key topics from large textual data. It has been 
widely used in the field of natu- ral language processing (NLP) among several topic modeling 
algorithms [7]. It is a three-stage Bayesian probabilistic model. The model gives the topic of each 
docu- ment in the documents (D) with a distribution over the topics (K), and each topic is a 
multinomial distribution over words (W) in the corpus. The statistical model adopts the following 
three stages generative process (Fig. 2) for a corpus D of M documents with length Ni of each; α 
is the Dirichlet parameter of per-document topic distribu- tions, and β is the Dirichlet parameter of 
per-topic word distribution. And, θi and φk denote the topic distribution for the document i and the 
word distribution for topic k, respectively. 
Based on the definition, LDA assumes the following generative processes for each tweet (w) in a 
corpus (D): 
1. Cfloose N ~ Poisson (ξ), wflere N denotes tfle lengtfl of documents; 
2. Draw a topic distribution, cfloose θd ~ Dir(α), wflere α is tfle parameter of tfle Dir- icfllet 
prior on tfle per-tweet topic distributions; and 
3. For eacfl of N words wn: 
(a) Cfloose a topic zn ~ Multinomial (θ); and 
(b) Cfloose a word wn from p( wn|zn, β), a multinomial probability conditioned on tfle topic 
zn. 
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Sentiment analysis 
Sentiment analysis (also known as opinion mining or emotion AI) is located at the heart of NLP, 
text mining, and computational linguistics. It measures the subjective information extracted from 
textual data. In this era of the internet and social media, sen- timent analysis has gained much 
popularity among researchers from different domains for its applicability in a wide range of fields 
such as psychology, linguistics, public health, and business management. In the current study, the 
word-level sentiment analysis was performed. NRC Emotion Lexicon was used to list the words 
and their association with eight basic emotions (trust, fear, surprise, sadness, disgust, anger, 
anticipation, and joy) and two sentiments (negative and positive). Syuzhet package was utilized to 
analyze the underlying sentiments. The algorithm calculates the presence of eight different emo- 
tions and sentiments in the text dataset. It assigns each token (i.e., word) in the corpus a score 
corresponding to each emotion and sentiments; ‘1’ if it is associated, otherwise ‘0’. Thus, a data 
frame containing sentiment scores is obtained, where each row represents a word and columns 
represent eight different emotions and two sentiments. 
Results 
The data for this study was collected from Twitter. The tweets posted between January 10, 2021 
and March 7, 2021 was extracted using Python. A total of 43,724 tweets were collected. However, 
after removing the duplicates, 41,009 tweets are processed for fur- ther analysis. Before the topic 
analysis, it is necessary to evaluate the models. 
Topic models’ evaluations 
LDA topic modeling is based on probabilistic inference; hence, requires a huge amount of data 
and tuning to get reasonable results. We used two measures- perplexity and topic coherence- to 
evaluate the best underlying topics in the corpus. Perplexity is defined as the inverse probability 
of the test set, normalized by the number of words. It is an intrinsic evaluation metric and is 
measured as the normalized log-likelihood of a test set data. It is a general quality measure for the 
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entire model, and captures how well a probability model predicts the sample for new data it has 
not seen before. 
For training and validation of the model, the data was divided into two sets. 80% of data (in-sample 
set) was employed to train the LDA model and the remaining held-out set (validation set) of 20% 
data was employed for model validation. Table 1 shows the results of perplexity scores of 15 topics. 
The model with nine topics scores the minimal validation perplexity of 237.5, indicating that the 
model with eight topics is more reli- able than the other models. The perplexity validation does 
not test the semantic simi- larity between words in a topic. Therefore, perplexity optimization 
cannot yield human 

Table 1 Validation perplexities under the different numbers of topics 
Number of 
topics 

Validation 
perplexity 

Number of 
topics 

Validation 
perplexity 

Number of 
topics 

Validation 
perplexity 

1 290.5 6 247.9 11 244.2 
2 269.1 7 241.1 12 256.9 

3 276.4 8 237.5 13 251.9 

4 253.7 9 239.4 14 270.7 

5 245.6 10 243.3 15 267.2 

 
interpretable topics. Thus, this test alone may not be an adequate measure for pre- dicting the best 
model. This limitation of perplexity warrants a test for topic coherence. 
Coherence is another method of evaluation of a topic model. It measures the degree of semantic 
similarity between high scoring words in the topic. The coherence score is calculated based on 
pairwise scores of the top n-frequently occurring words in a topic. There are different coherence 
measures discussed in the literature. However, we used the CV measure, the best measure to 
compare different topic models based on their human interpretability. The measurement helps to 
distinguish between topics that are an artifact of statistical inferences, and semantically 
interpretable. Figure 3 shows the coherence score for the different number of topics. A model with 
the highest coher- ence score before flattening out or a major drop is considered as the best model. 
To our surprise, both the tests confirm the presence of eight topics in our data. Therefore, we 
picked a model with eight topics (k = 8). 
 
LDA model 
Based on the results of perplexity and coherence scores, we ran an LDA model of 8 top- ics with 
12 terms. Topics are labeled based on the identification of a logical connection between most the 
frequent terms of the topic. Table 2 presents the topic labels with their key terms. Topic 1 and Topic 
2 are about the United States (US) politics as tweets were collected between January 10 and March 
7, 2021, which is very close to an incidence in the US. Jacob Chansley, a Capitol Hill attacker, 
demands all-organic foods inside the prison. This incident has led to a huge inflow of Twitter posts 
related to US politics and organic foods. Topic 3 discusses organic food in connection with food 
additives such as pesticides and chemicals. The topic is composed of both positive perceptions 
(i.e., organic food has no additives) and negative or skeptical views (i.e., organic food is not free 
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from additives). It can be understood with the tweets: Deceptive Labels on Food. Making sure you 
understand the terms that are used, what if they are not using 

 
 

Table 2 Topics listing top 12 key terms extracted from LDA model 

 
US politics (Attack on Capitol Hill) 
 
US politics (Capitol attacker’s demand for organic food) 
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Authenticity Seasonality Plant‑based diet Saving the planet 
Organic farming and standardization Food delivery 

 
organic eggs feeding the chickens GMO FOOD. The key terms are people, health, grown, eating, 
chemicals, etc. Topic 4 is about the seasonality of organic foods. It emphasizes on benefits of 
choosing seasonal organic foods. The key terms are seasonal, package, vitality, and better. 
Topic 5 discusses  the  importance  of  shifting  toward  plant-based  foods.  Some  of the key terms 
are plant-based, vegan, diet, and vegetables. Topic 6 is about sav- ing the planet by natural and 
local farming which is suggested by terms such as nat- ural, planet, save, impact and world. Topic 
7 highlights the need for technology and standardization in organic farming and supply-chain. The 
key terms are farming, organic, technology, and standards, etc. The last topic discusses the surge 
in online orders of organic foods and delivery systems, presumably caused by the COVID-19 
pandemic.The visual display map of topic models produced using LDAvis highlights the topic with 
its top 30 most relevant terms. The display map of Topic 3 is shown below as Fig. 4, and the visual 
display map of the remaining five topics on organic foods is appended at the end of the paper. The 
visualization provides the global view of topics with the terms highly associated with the 
individual topic.In the visual display map on the left side, the distance between the circles indicates 
the topic similarity (or dissimilarity), i.e., the closer the circles, the more similar the themes. And, 
the size of the circle depicts its prevalence. The horizontal bar chart on the right side of the 
visualization depicts the terms most relevant to the selected topic.As per the display map (Fig. 4), 
Topic 1 and Topic 2 are similar to each other but dif- fers much from other topics. Similarly, Topic 
3 and Topic 5 are close to each other. Topic 8 is away from other topics and refers the unrelatedness 
as it discusses organic food demands and online deliveries during the COVID-19 pandemic. 
Topic significance ranking 
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We assessed topic quality through topic significance ranking (TSR) scores based on the criteria 
proposed by TSR is a novel unsupervised analysis of Probabilistic Topic Models (PTM). We 
applied a 4-phase Weighted Combination decision strategy to evalu- ate the inferred topics of PTM 
to evaluate their semantic significance. Topic significance is obtained by combining the 
information from the multi-criteria measures to form a single index of evaluation based on a 
Weighted Linear Combination (WLC) decision strategy. WLC is a widely used technique in the 
area of multi-criteria decision analysis. WLC assesses each topic by the following formula: 
where Nm is number of different measures, Wm refers the weight of the measure in the total score, 
and Sm,k is the score of k th topic for the th measure.A 4-phase weighted combination 
approach was implemented. Sm,k and Wm scores were to be computed on different scales and 
criteria; therefore, measures are standardized before combination. 
Phase 1: Standardization procedure 
In the first phase, standardization procedures are performed to transfer each distance measure from 
its true value into two standardized scores (relative score of the distances and weight value).To 
compute both the scores Sm,k and weights Wm, two standardized procedures are used for each of 
the criteria. The first, score is re-scaled based on the weight of each score against the total score 
overall topics and is expressed in Eq. A significance ranking algorithm was applied on the topics 
discovered by LDA with K set to 8. This technique has the potential to properly rank the topic 
based on its true significance. The rank of a topic depends on its distribution of background words. 
A topic with higher TSR describes the underlining themes better and presents the 
 
Table 3 Topic significance rank 

Topic id Topic label Ŝ Ŵ TSR Rank 

Topic 5 Plant‑based diet 21.3 0.8 17.0 1 
Topic 3 Authenticity 20.7 0.8 16.6 2 

Topic 4 Seasonality 19.8 0.8 15.8 3 

Topic 7 Organic farming and standardization 18.5 0.8 14.8 4 

Topic 6 Saving the planet 16.3 0.8 13.0 5 

Topic 2 US politics (Capitol attacker’s demand for 
organic food) 

15.7 0.8 12.6 6 

Topic 8 Food delivery 14.8 0.7 10.4 7 

Topic 1 US politics (Attack on Capitol Hill) 14.5 0.7 10.2 8 
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meaningful class semantics. Table 3 presents the topic significance rank index. The top- ics are 
ordered by their rank.According to our LDAvis results, Topic 1 and Topic 2 are the most prevalent 
topics. However, these two topics receive low significance ranks. Topic 5 (Plant-based diet), Topic 
3 (Authenticity), and Topic 4 (Seasonality) are the three most significant topics. 
Sentiment results 
NRC lexicon enabled us to classify eight different emotions in addition to positive and negative 
sentiments. The negative emotions include fear, anger, disgust, and sad- ness, while positive 
emotions include joy, trust, anticipation, and surprise. The results of sentiment analysis show that 
public views toward organic foods are mostly positive (see Fig. 5). The results also show the 
presence of negative emotions but in a lower pro- portion as compared to positive ones. The 
frequent positive words for organic food are healthy, safe, fascinating’’, eat, perfect, vitality, 
aroma, and delicious, etc. Joy and trust are two prominent emotions expressing positive emotions 
about organic foods with a total sentiment score of more than 30,000 for each. 
The frequent negative words are unnatural’’, waste, doubt, junk, ridiculous, fake, and unbelievable, 
etc. The keywords suggest that people are suspicious about the authenticity of organic foods, and 
express negative emotions. Some of the tweets are: Only 4–6% of the food is organic. The rest is 
produced by a few major food processors and full of chemicals, Can I sue the food place for false 
advertising? and All food is organic. Inorganic matter can’t be digested. Therefore, the fact cannot 
be ignored that not every- one is convinced about organic claims, i.e., people are still skeptical 
about organic foods available in the markets being natural, healthy, and chemical or pesticide-free. 
However, the entire negative emotions in the results are not caused by the public distrust alone. It 
contains the negative emotions about the US riot and politics over organic foods (insur- rection, 
disgraceful, riot, attack, etc.). 
 
The survey was conducted to examine customer attitudes on purchasing organic food. Goals of the 
study are taken into consideration while the data are categorised and examined. Analysis has been 
done using statistical tools like percentage, correlation, and multiple regression. 
COMPUTATIONAL AND INFERENTIAL ANALYSIS OF DATA 
RESPONSIVES' DEMOGRAPHICAL PROFILE 
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The Respondents' Demographics, as Shown in Table 1 
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Table 1 shows that, compared to female respondents (28.0%), men (72.0%) made up the majority 
of respondents in the sample data. The majority of respondents (72.8%) belonged to the age range 
of 21 to 40, while the least amount (2.4%) of respondents were over 60.  

 
 
PERCEPTIONS TOWARDS THE PURCHASE OF ORGANIC FOOD 
Market demand has a big impact on whether organic production and processing will be adopted. 
As a result, attitudes and perceptions of consumers toward organic food products are reflected in 
this. Factor analysis has been used to examine consumer perceptions of buying organic food.  

 
Table 2 Kaiser-Meyer-Olkin and Bartlett's Test 

 
  

“Kaiser-Meyer-Olkin Measure of Sampling Adequacy.    0.753 

BartleƩ's Test of Sphericity 
Approx. Chi-
Square  2184.789 
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D. f.  300 

Sig.  0” 

Source: Primary Data 
  

Table 3 
Factor loading, consumer preferences for organic food products 

 
The findings of a factor analysis performed on the 25 assertions (factors) stated concerning beliefs 
around the purchase of organic food are shown in Table 4. A total of twenty-five claims have been 
neatly categorised into the following five groups: perceived health, product characteristic, social 
welfare, product feature, and availability. 
Here is Table 4 for the factors that have the highest loadings. 
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The factor analysis demonstrates that consumers' perceptions of organic food are influenced by the 
five criteria listed above.Variables loading on particular factors are used to identify the five factors. 
These factors' dependability scores are discovered to fall within allowable bounds. 
Effects of Factors on Consumer Attitudes toward Organic Food Multiple regression is used to 
quantify how recognised factors affect consumers' purchasing decisions. Cronbach's alpha is used 
to assess each factor's items' level of reliability. The outcomes are shown in Table 5 below. 
Table 5: Determinants of Organic Food Buying 
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According to the factor analysis, the aforementioned five factors have an impact on how consumers 
view on organic food. The five factors are found by looking at the variables' effects on particular 
factors. It is discovered that these factors' dependability scores fall within allowable bounds. 
Customers' preferences in organic product rankings. 
 
Justifications for not buying organic 
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Results of the Research 
1. According to the results of the survey, respondents have a number of issues while trying to 
shop for organic items in stores. 
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1. This section presents the study's findings. 
2. Inconsistent supply is one of the biggest issues for those who choose to buy organic food. 
The organic shopper has been known to mix in some non-organic items with their organic 
purchases on occasion. 
3. Unfortunately, organic goods are far more costly than their conventional counterparts. In 
order to discourage organic food buyers from stocking up on their favourite items. 
4. There isn't a wide selection of organic goods on the market. 
5. Consumers do not have sufficient knowledge about organic goods. 
6. The organic items have not been verified as such by an official organic certification body. 
7. Organic food options are scarce in the city. 
8. As a whole, customers believe that the greater price of organic goods is justified. 
9. 31% of organic product buyers fall within the 25-40 year old demographic. 
10. Most people who buy organic goods have at least a bachelor's degree (54%), with 34% 
having just a high school diploma. 
11. In Hyderabad City, out of 100 customers every one favoured organic items. 
12. Sixty-four percent of shoppers regularly buy organic foods and goods. 
13. The percentage of customers who shop at organic shops (where most food is sold) is high 
(76%) compared to the percentage who shop at conventional supermarkets (11%). 
14. Sixty-nine percent of shoppers said they felt organic goods were too pricey. 
15. Eighty-six percent of customers are willing to buy/consume the organic items, despite the 
high price, while just fourteen percent are unwilling to do so. 
16. The survey found that organic product stores were the most common places where people 
may purchase organic goods. 
17. One crucial factor that determines whether or not people buy organic items is their level of 
education. Based on the responses, it seems that all users are college educated at the very least. 
Suggestions 
 Consumers need to be made more aware of the benefits of buying organic goods. 
 Organic food consumption would rise if product quality were steadily improved. 
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 Organic food sales may rise if people were exposed to ads for such foods more often and 
if their improved taste convinced them to switch to them. There is a correlation between the rise 
in consumer knowledge and the impact of advertising for organic food items. 
 The factors of familiarity, personal philosophy, social contact, monetary cost, and ingrained 
behaviours were more influential in the decision to purchase organic food items. 
 Customers' familiarity with organic food products is directly related to the marketing 
activities of the organic food industry. Organic food items need to be more widely advertised to 
increase their availability. 
 Division of organic food sales at supermarkets into a distinct stock category 
 Branding organic foods according to their unique qualities 
 By shaping consumers' expectations about the value of organic foods, marketers may better 
position these items on store shelves. 
 Products should debut in high-traffic areas of major markets before rolling out to the rest 
of the retail landscape. 
 More people will be "Green Consumers" if they are educated about environmental issues 
and the advantages of using organic goods and eating organic food. 
 They see "organic" as a product, but it will be marketed as a "way of life." 
 There are agencies devoted to agricultural marketing and cooperatives that may assist 
farmers in receiving a fair price for their organically grown goods. 
 With the support of the Organic Certification Department's seal of approval, producers may 
rest certain that their organic products are of the highest quality and thus command a premium 
price. 
 The widespread availability of organic food items and their mass manufacturing in 
response to consumer demand should go hand in hand.  
Discussion 
The quality of output of a machine learning model depends on the purity of the data and the training 
of the model. In the present study, the data passes through rigorous data cleaning and pre-
processing followed by model tuning and evaluations. Topic evaluation results indicated the 
presence of eight topics reflecting public attitude on organic foods. Except for Topic 1 and Topic 
2, which discuss organic foods linking a specific incidence in the USA, all other topics highlight 
various aspects related to organic foods.The majority of previous studies on organic food 
consumption were based on tradi- tional, self-reported methods. These studies focused, for 
example, on consumers’ moti- vations to buy organic foods, such as health, environment, and 
social consciousness. The only study based on content analysis of online comments about organic 
foods revealed 65 beliefs that the authors structured into 22 themes of a wide breadth, from ‘price’ 
to ‘food security’. The authors structured them into four main categories: ‘product’, ‘food system’, 
‘authenticity’, and ‘production’. Our study contributes to this line of research by providing further 
structuring of public attitudes on organic foods based on objective techniques of big data and text 
mining. Moreover, based on the topic signifi- cance rank test, we have identified top the three most 
significant topics, i.e., plant-based diet, authenticity, and seasonality. The other significant themes 
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related to organic food are organic farming and standardization, saving the planet, and food 
delivery. Our find- ings suggest also that people are quite enthusiastic about shifting to plant-based 
food. They believe that a plant-based diet can contribute to reducing greenhouse gas emis- sions. 
Dedicating natural resources such as land and water for growing plant-based foods can save the 
planet (Topic 6). Authenticity is another interesting theme. Under this theme, tweets indicated that 
a large group of people advocate organic food for being natural, healthy, non-GMO, and chemical 
and pesticide-free, while another group is skeptical about these claimed features of organic foods. 
On the ‘seasonality,’ people tweeted about the benefits of eating seasonal foods. Organic food 
eaters find seasonal foods fresh, tasty, and healthy. People in their tweets also highlighted the need 
for organic farming using the latest technology and standardization of food products and processes 
(Topic 7). The standards also aim to avoid false organic claims. Unfortunately, there are differences 
in standards across the countries. Further, Topic 8 discusses online delivery services and the avail- 
ability of organic foods in local stores and markets.  
 
Conclusion 
People ignored the benefits of organic foods for a long time. More and more people are choosing 
organic foods over conventionally grown ones as a way to show their support for environmental 
protection. People were aware of the availability and representation of organic food products, but 
they did not necessarily remain loyal to them. Undoubtedly, inquiries about organic foods piqued 
the responder's interest. Organic food product marketers need to create campaigns that are ethical 
and realistic if they want to see results.Stores only have a limited amount of organically produced 
goods, despite the growing demand for them. The consumer's familiarity with organic products 
influences their perceptions and opinions of the product, which in turn impact their purchasing 
decisions. There are three foods that are now in high demand: vegetables, fruits, and beans. 
Compared to typical vegetables, the price of green vegetables is much higher. Customers are less 
inclined to buy a product when there is an unpredictable and small supply, a high price, and little 
information available about it.To understand what factors influence people to buy organic food, 
we may look at consumer behavior. Perceived health, product features, social welfare, product 
availability, and the capacity to purchase organic foods are the most influential variables on 
consumers. Organic food's nutritional value, natural components, food safety, availability, and 
availability awareness are some of the indirect reasons to buy it. People think organic food is good 
for them because of the significant correlation between how a product makes them feel and their 
actual health. Focus on guarantee certification and keeping the product's price low as perceived 
health is the least essential variable. People would choose organic food due to price, health, quality, 
and safety concerns, according to the survey. Since the consumer behavior towards organic food 
is changing rapidly due to awareness of environmental degradation, health hazards, and other 
related issues, this research started with an aim to answer the same existing question- how does 
the public view organic foods? Numerous studies have been conducted in the past. The majority 
of them are based on surveys and interviews, which are subject to various limitations such as social 
desirability bias, a response bias, and common method bias. In this study, we collected public posts 
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from Twitter and utilized text mining techniques to extract the most discussed topics and 
sentiments towards organic foods. People willingly publish their opinions online on Twitter, which 
is free of an external bias. The findings obtained by utilizing the big data from social media 
platforms for text mining, provide relatively objective and verifiable results.The present study 
makes academic as well as practical contributions. From an academic perceptive, this is the first 
of early researches to study the public’s attitude and sentiments towards organic foods using big 
data and text mining approaches.” Also, this study adds to the existing literature by providing a 
broader and richer understanding of public perspec- tives on organic food consumption. The study 
explored public attitude on organic foods and identified underlying different emotions as opposed 
to just positive or negative sentiments.The results indicated the presence of negativity among the 
public mainly due to distrust in the authenticity of organic claims. Therefore, eliminating the 
distrust among the consumers may boost the growth of the organic food market. Thus, from a 
practical perspective, our findings can help policy-makers and certification bodies enhancing the 
communications about organic foods, thereby developing trust and positivity. 
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