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requirements for the Degree of Master of Food Innovation. 

Abstract 

Exploring text and data mining for recent consumer and sensory issues and 

their implication in food trends 

 

by 

Ziyang Chen 

 

Meat consumption has caused several problems in terms of overusing freshwater, underground 

water contamination, land degradation, and animal welfare. To mitigate these problems, replacing 

animal meat products with alternatives such as plant-, insect-, algae-, yeast-fermented-based 

protein, and cultured meat is an available strategy. To enhance the commercial success of alternative 

protein products, understanding the sensory profiles and acceptability from consumers is necessary. 

In traditional sensory tests, conducting descriptive sensory evaluation is expensive and time-

consuming. To overcome these drawbacks, text mining and natural language processing are 

introduced as a novel approach to obtain sensory attributes and rapidly develop a descriptive 

lexicon. In this study, the application of text mining and natural language processing in alternative 

protein profiles was explored by analysing alternative proteins’ attributes and descriptive words from 

n=20 academic papers (that described the recent information of alternative proteins). From 2018 to 

2021, plant- and insect-based proteins are the centres of alternative proteins research. Insect-based 

protein was less popular than plant-based proteins because of food neophobia and psychological 

barrier. Adults were more likely to accept insect-based protein products. The emotional profile 

analysis showed that there was no significant association between emotions and protein categories 

in this study. Our research showed that applying text mining and natural language processing can 

benefit the descriptive sensory evaluation, which means that it can rapidly obtain and analyse an 

large amount of data rapidly, thus overcoming traditional lexicon development techniques.  

 

Keywords: alternative proteins, text mining, natural language processing, descriptive test 



 iii 

Acknowledgements 

The codes of scraping PDF documents were written by Cristhiam Gurdian. Dr Damir Torrico and Dr 

Chetan Sharma gave suggestions for writing this article. Furthermore, Dr Damir Torrico helped to 

justisfy the whole article as well as Dr Chetan Sharma helped to justify the Materials and Methods, 

and Results and Discussions. 

 



 iv 

Table of Contents 

ABSTRACT .................................................................................................................................................. II 

ACKNOWLEDGEMENTS .............................................................................................................................. III 

TABLE OF CONTENTS ................................................................................................................................. IV 

LIST OF TABLES ........................................................................................................................................... V 

LIST OF FIGURES ........................................................................................................................................ VI 

CHAPTER 1 LITERATURE REVIEW ................................................................................................................. 1 

1.1 PLANT-BASED PROTEINS ................................................................................................................................ 2 
1.2 INSECT-BASED PROTEINS ................................................................................................................................ 3 
1.3 ALGAE PROTEINS .......................................................................................................................................... 3 
1.4 YEAST FERMENTED PROTEINS ......................................................................................................................... 5 
1.5 CULTURED MEAT ......................................................................................................................................... 5 
1.6 SENSORY SCIENCE ......................................................................................................................................... 6 
1.7 TEXT MINING AND NATURAL LANGUAGE PROCESSING ........................................................................................ 8 

CHAPTER 2 INTRODUCTION ...................................................................................................................... 10 

CHAPTER 3 MATERIALS AND METHODS ..................................................................................................... 12 

3.1 SELECTION OF PAPERS ................................................................................................................................. 12 
3.2 PROCESSING OF PAPERS OR TEXT ................................................................................................................... 12 
3.3 TEXT MINING ............................................................................................................................................ 12 

3.3.1 Web Scraping .................................................................................................................................... 12 
3.3.2 PDF scraping and text processing ..................................................................................................... 14 
3.3.3 TXT scraping and natural language processing ................................................................................ 14 

3.4 STATISTICAL ANALYSIS ................................................................................................................................. 16 

CHAPTER 4 RESULTS AND DISCUSSION ...................................................................................................... 17 

4.1 WORD FREQUENCY ..................................................................................................................................... 17 
4.2 RELEVANCE BETWEEN DIFFERENT WORDS ........................................................................................................ 20 
4.3 EMOTION ANALYSIS .................................................................................................................................... 23 
4.4 COMPARISON WITH OTHER TEXT MINING WORKS AND THE LIMITATION OF THIS STUDY ............................................. 27 
4.5 IMPROVEMENT OF THE CODES ....................................................................................................................... 28 

CHAPTER 5 CONCLUSION .......................................................................................................................... 29 

REFERENCES ............................................................................................................................................. 30 

APPENDIX A PDF DOCUMENT TEXT MINING CODES AND EXPLANATION PRODUCED BY CRISTHIAM GURDIAN
 ................................................................................................................................................................ 36 

APPENDIX B TXT DOCUMENT TEXT MINING CODES RETRIEVED FROM INTERNET ........................................ 41 

APPENDIX C THE LIST OF SCIENTIFIC REPORTS THAT ANALYSED BY NATURAL LANGUAGE PROCESSING ....... 45 

APPENDIX D THE FREQUENCY OF WORD IN TEXT MATRIX (TOP 50)......................................................... 48 

APPENDIX E THE RELEVANCE BETWEEN KEY WORDS AND OTHER WORDS .................................................. 49 

 
 



 v 

List of Tables 

Table 1. The relevance between key words and other words .......................................................... 22 

Table 2. Independence test in correspondence analysis between the protein types and the 
emotions ....................................................................................................................... 24 

Table 3. Emotion analysis of each academic paper .......................................................................... 24 

 
 



 vi 

List of Figures 

Figure 1. A part of the text captured from the website by a crawler ............................................... 14 

Figure 2 Basic workflow of NPL ......................................................................................................... 16 

Figure 3. Top 50 most frequent words ............................................................................................. 18 

Figure 4. Word cloud of text matrix .................................................................................................. 18 

Figure 5. The proportion of each emotion in the text matrix ........................................................... 26 

Figure 6. The counted times of each sentiment in the text matrix .................................................. 26 

Figure 7. The symmetric plot of correspondence analysis ............................................................... 27 

 
 

 



 1 

Chapter 1 

Literature Review 

 

Meat is one of the most important food types all around the world. Over the past two decades, the 

global consumption of meat has increased by 60% approximately, reaching 380 million tons in 2018 

(Department of Agriculture, Water and the Environment of Australia, 2020). Due to the population 

increase, and meat product requirement trends, meat products’ consumption would be double in 

2050 (Fiorentini, Kinchla & Nolden, 2020). Although meat production is increasing significantly, it has 

still not met the growing population’s demand to access this product. Usually, developed countries 

can provide enough meat products and protein resources for their citizens. However, in many 

developing countries, such as the countries in Africa, Asia or South America, most children do not 

have sufficient access to this type of protein because the meat is not affordable (Klunklin & Savage, 

2018b). Under this situation, if the traditional strategy was followed, there is a continuing pressure to 

increase the amount of livestock to feed the world.  

 

Producing such an enormous amount of meat and its products has been a heavy burden for the 

environment, leading to increases in greenhouse gas emissions and nitrates leaching problems. Beef 

production causes 14.5% of human-related greenhouse gas emissions annually (Fiorentini et al., 

2020). In New Zealand, 50% of greenhouse gases are generated by agriculture, half of which comes 

from the dairy industry (Foote, Joy & Death, 2015). The nitrate concentrations in 30% of groundwater 

exceeded the standards in agricultural areas (Foote et al., 2015), which would lead to algal blooms 

(Marsh, 2012). Waste and digesting gas from dairy cattle are the main reasons for causing the above 

problems (Foote et al., 2015). Moreover, animal husbandry requires a large number of resources 

from nature, such as freshwater and land. A total of 30% of available freshwater is used to process 

meat products (including feeding, butchering, packaging) per year (Fiorentini et al., 2020). The area 

in which cattle live may be compacted, leading to land degradation. As a result, this area may not be 

suitable to grow crops due to a reduced yield (Nawaz, Bourrie & Trolard, 2013). Furthermore, 

negative animal welfare has been an emerging problem because the density of livestock is increased. 

It results in less living space for livestock and also leads to enhance the possibility of microorganism 

infection. For instance, to protect livestock from microorganisms, antibiotics are needed, resulting in 

antimicrobial resistance (Giacomelli, Salata, Martini, Montesissa & Piccirillo, 2014). When the 

antimicrobial resistance is increased, livestock is prone to suffering from diseases. Besides, confined 
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cattle production is not environmentally friendly. Therefore, providing enough meat products or 

protein resources to meet the entire world’s meat consumption demand with limited natural 

resources has recently been one of the most prominent challenges (Fiorentini et al., 2020).  

 

To fill the gap between production and consumption, using alternative proteins to replace meat 

products is now considered a potential wholesome solution. It is an available strategy (Fiorentini et 

al., 2020) because it requires fewer resources from the environment but provides more amount of 

proteins in volume for humans. For instance, providing the same amount of protein that comes from 

plants could save 35% - 50% of natural resources in terms of land and freshwater compared to 

animal protein (Fiorentini et al., 2020). This novel strategy uses plants, insects, microorganisms, or 

growing animal meat cells in laboratories to produce proteins for replacing animal meat (De Koning 

et al., 2020; FAIRR, 2019). This alternative can save resources and provide vegetarian options (De 

Koning et al., 2020) to supply the demand for protein worldwide. There are five main types of 

alternative protein, and they can be divided into two groups. Group 1 can be gained from the natural 

environment directly, including plant-based, insect-based, or algae-related alternative proteins. 

Group 2 is human-made proteins, which means that they can be produced by yeast fermentation, 

and growing meat from animal muscle cells in a laboratory (FAIRR, 2019).  

 

1.1 Plant-based Proteins 

 

Plant-based alternative proteins have been known and accepted by the public over the past few 

years. Some meat analogues have been increasingly consumed on the market (De Koning et al., 2020; 

Fiorentini et al., 2020). Compared with other types of alternative proteins, plant-based proteins are 

more popular in Western countries, and around the world. These proteins are usually extracted from 

grains or crops, such as soybean, legumes, and seed (FAIRR, 2019; Fiorentini et al., 2020). For 

instance, tofu is one of the most famous plant-based protein products made from soy, which has 

been provided to and accepted by Western culture since the 1960s (Fiorentini et al., 2020). Mung 

bean and its products also can provide a high amount of protein at low prices (El‐Moniem, 1999). The 

plant-based alternative protein is anchored with ‘health’, ‘environmentally friendly’, ‘green’, and 

other positive concepts by consumers; thus, it is accepted widely all around the world compared to 

other alternative proteins. However, some disadvantages are also found when plant-based protein 

was applied to food products. For example, by using mung bean protein isolate, the modified 

product would be perceived as bitter and astringent (Ares, Barreiro, Deliza & Gámbaro, 2009), which 



 3 

may be caused by the presence of polyphenolic in mung bean (El‐Moniem, 1999). Furthermore, with 

the addition of plant proteins such as pea, the colour of the meat analogue might be altered (Cosson 

et al., 2020). Recently, mushrooms were used by some companies (e.g., McDonald) to make beef 

meat analogues. It is in great demand and worth investing in, and many companies have started to 

improve their plant-based products’ sensory characteristics to taste similar to real animal meat 

products (Fiorentini et al., 2020).  

 

1.2 Insect-based Proteins 

 

Insects have been introduced as high protein food, and insect-related protein has gained more 

traction due to its advantages in resources usage which requires less water and soil to raise (De 

Koning et al., 2020). However, most of the consumers in Western countries still have not accepted 

entomophagy or consume its products yet (De Koning et al., 2020) due to psychological barriers. 

Even in East Asia, such as China, consuming insects proactively is a challenging practice in the culture. 

In south-west China, some ethnic cultures have insect-based cuisine; for example, cockroaches are 

deep-fried inside a dough that is made of wheat powder (Lv, 2017). furthermore, in some cases, 

cockroaches are applied in Chinese traditional medicine. Despite this, consuming cockroaches is still 

quite challenging for the public. Usually, for both Western and Eastern (around the world) groups, 

they refuse to consume insects because of neophobia and disgusting feelings (De Koning et al., 

2020). These negative psychological effects would also result in that consumers prefer plant-based 

proteins and their products rather than insect-based alternatives (Gómez-Luciano, de Aguiar, 

Vriesekoop & Urbano, 2019). Interestedly, the acceptance and liking score of insect-based products 

were higher than plant-based protein when sensory attributes were the only thing to be regarded, 

which means participants did not know they were consuming insect protein (Schouteten et al., 

2016). Although cultural barriers affect the preference of insect-based alternative proteins in the 

short term, these products would tend to be more acceptable for the public in the long term due to a 

more frequent exposure over time through advertisement, education, and marketing (De Koning et 

al., 2020). Thus, insect-based alternative protein is a potential alternative product in the 

marketplace.  

 

1.3 Algae Proteins 
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Seaweed and algae are other types of alternative proteins that exist naturally in the environment. 

Some specific microalgae species can provide a similar protein level as meat and legume (Bleakley & 

Hayes, 2017). Furthermore, algae and seaweed have a higher yield (9.5 tons per 104 m2 per year and 

5 tons per 104 m2 per year on average, respectively) compared with traditional plant-based 

alternative protein sources (1 ton per 104 m2 per year on average) (Van Krimpen, Bikker, Van der 

Meer, Van der Peet-Schwering & Vereijken, 2013). They can also provide an advantage in resources’ 

usage. Typically, plant-based alternative proteins and traditional meat proteins require enormous 

amounts of land and freshwater usage, as mentioned earlier. In contrast, seaweed and algae need 

neither freshwater nor land to grow and save plenty of resources for humans to use for other 

activities. The polyphenols and pigments inside seaweed and algae are good for human health, 

enhancing the nutritional and commercial value of algae-based alternative proteins. At this moment, 

algae-based proteins are not popular in the marketplace, with almost non-existing commercial 

products and minimal research. This is the result of several factors’ interaction, including the right of 

harvesting, season, geographic location, commercialisation costs, and the technology of isolating 

protein from algae (Bleakley & Hayes, 2017).  

 

There is a limited amount of sensory research of algae-based alternative protein. Sălăgean, Pop, 

Catrinoi & Nagy, (2015) studied the effect of adding brown algae on sausages. In their study, 10% and 

15% brown algae added to sausages were made and evaluated. Both 10% and 15% of algae sausages 

were evaluated as pleasurable and pleasant by participants regarding the overall liking score. The 

10% algae sausage had better performance in terms of taste and flavour than the 15% algae sausage. 

In comparison, the 15% algae sausage performed higher in nutritional value and had a greater 

influence on the physicochemical characteristics. The researchers concluded that with algae’s 

addition, sausage quality was improved regarding the sensory and nutritional value by adding algae 

(Sălăgean et al., 2015).  

 

Despite these findings, plant-based alternative proteins are still more popular products than algae in 

some cases. In Parniakov et al., (2018) study, the effect of different additions, including soy, pea, 

broad bean, lentils, and two algae species (Spirulina and Chlorella) on chicken Rotti were compared 

in terms of the sensory characteristics. In their results, Spirulina and Chlorella chicken Rotti had the 

lowest acceptability scores and sensory preference among the modified chicken Rotti treatments. 

The reason was the dry texture and particular characteristical tastes that algae provided to the 

product (Parniakov et al., 2018). Thus, although algae is a potential alternative protein source that 
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can compete with plant-based alternative proteins due to natural resource usage, it still requires 

further research due to its shortcomings in some product types.  

 

1.4 Yeast Fermented Proteins 

 

Yeast-based protein is not only used in the food industry but also applied in several industries 

including chemistry, pharmaceutics, cosmeceutical, and detergent (Vieira Gomes, Souza Carmo, Silva 

Carvalho, Mendonça Bahia & Parachin, 2018). For instance, insulin can be produced by yeast in the 

pharmaceutical industry (Baeshen et al., 2014). In the food industry, the key point of this technology 

is to produce an animal protein analogue (for example, whey) by programming yeast through 

fermentation (FAIRR, 2019), thus, this can produce protein more efficiently rather than raising 

livestock. Although yeast’s protein production has been introduced since the 1980s (Vieira Gomes et 

al., 2018), it is still considered a novel technology, and there is very limited data about its sensory 

characteristics. This technique’s cost may be the main reason that limits its widespread application in 

the food industry. Compared to other alternative proteins that were mentioned in the sections 

above, yeast-produced protein requires more resources (money, time, machine, and professional 

handlers). Besides, the yield of using yeast to produce protein still needs to be improved, and more 

research has to be done to understand its properties. Rodríguez‐Limas, Tannenbaum & Tyo (2015) 

introduced a technique to obtaining a higher yield of yeast proteins. Despite these improvements, 

price is still a significant disadvantage for yeast-produced alternative proteins than its plant-based 

and insect-based counterparts.  

 

1.5 Cultured Meat 

 

Cultured meat, or clean meat, which is grown in a laboratory from a specific animal muscle cell, is a 

technique that does not require feeding livestock (FAIRR, 2019; Rolland, Markus & Post, 2020). It can 

be described as ‘cultured, in vitro, synthetic, artificial, and laboratory-grown or factory-grown meat’ 

based on Verbeke, Sans & Van Loo (2015). This idea was first introduced by Post, (2012), and it has 

been well developed over the past years. In 2015, Verbeke and Post predicted that cultured burger 

would be marketable in 2020 with a price of 65 US$ per kilogram (Verbeke et al., 2015). The price 

was still significantly high in 2018, which was up to 800 US$ according to Future Meat Company 

(González & Koltrowitz, 2019). However, after one year, the price decreased significantly, only 



 6 

costing 100 euros per kilogram, with the projection of achieving 10 euros per kilogram by 2021 

(González & Koltrowitz, 2019). Furthermore, the types of meat (not only beef) were also explored, 

including pork, chicken, and fish (Rolland et al., 2020). The data of sensory evaluation of cultured 

meat is still very limited. However, recent research showed that psychological factors played an 

important role in the acceptance and preference of this product. Based on a consumer test in 2015, 

43% of participants were willing to try cultured meat; however, 51% of participants are still hesitant 

(Verbeke et al., 2015). In contrast, 58% of participants were happy to pay more on cultured meat in 

2020, as well as more participants preferred to consume (higher acceptance) cultured meat rather 

than traditional meat. This may be the result of further information that the public received over the 

last couple of years. Usually, the public would reject novel products or techniques they are unfamiliar 

with, especially animal products (Rolland et al., 2020). In this case, there were two main concerns 

from the consumer; the first concern was of the moral order, and the second was health (Verbeke et 

al., 2015). Some participants felt disgusted when they faced cultured meat caused by cultural 

connotations or not matching the ‘appropriate’ food concepts for them (Rolland et al., 2020). 

Furthermore, research indicated that vegetarians would be more likely to relate this product to 

unhealthy, unnatural, or other negative concepts (Verbeke et al., 2015). With the development of 

cultured meat for the past five years, today, more and more consumers are willing to try cultured 

meat or even pay more for cultured meat instead of traditional meat (Rolland et al., 2020). This 

product has also an advantage in taste, which was not different from animal meat, such as beef, 

significantly (Tucker, 2014). This opinion is also supported by Rolland et al. (2020) and Verbeke et al. 

(2015) research, which indicated that the more participants knew the information of cultured meat, 

the higher participants would rate its acceptance. 

 

1.6 Sensory Science 

 

Sensory evaluation is not a latterly emerging subject but has been evolving during the past few years. 

Humans have known to evaluate food since ancient time (Meilgaard, Civille & Carr, 1991). Odd foods 

were discarded, and delicious foods were maintained in humans’ daily lives over the past centuries. 

However, as more chemical and nutritional research have been conducted on different foods, 

consumers nowadays are willing to sacrifice the hedonic sensory experiences to gain better 

nutritional and healthier values (Klunklin & Savage, 2018a; Park, Choi & Kim, 2015). Usually, 

developing a better nutritional or functional product would lead to poorer sensory experiences 

because of the usage of novel ingredients (which sometimes have off-tastes and undesirable sensory 

characteristics) or the reduction of taste-related elements (such as the reduction of sugar and fat). 
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For instance, to enrich the protein concentration of a biscuit, adding protein from a novel protein 

source such as mussel can be a viable option to improve its nutrition. Due to the mussel addition, the 

fortified biscuit’s texture would tend to be harder (Klunklin & Savage, 2018a). This might be the 

result of reducing moisture content due to the increased proportion of protein, which leads to 

changes in texture (Mancebo, Rodriguez & Gómez 2016). 

 

Furthermore, reducing sugar concentrations for increasing the healthy value in a product may result 

in lower sensory quality and more increased off-taste. Under this situation, developing a balance 

point between sensory and nutrition is required for products to achieve commercial success, and 

consumer sensory evaluation is the key to achieving this goal. Thus, sensory science has always 

played an important role in product development, increasing the likelihood of success in the 

commercialised novel products (Verbeke et al., 2015). Consumer sensory evaluation can help 

product developers to modify their products according to the feedback from consumers. For 

instance, Tucker (2014) investigated the acceptance and preference of alternative proteins (including 

insect-based protein and cultured meat) in a group of New Zealander using consumer tests and focus 

groups in 2014. Few of the participants (most of them were female) carried some psychological 

barriers against insect alternative protein products, stating that they would never consume insects. 

In contrast, most of the participants had a positive overall view of the alternative proteins. Although 

entomophagy can be an intimidating issue for New Zealanders, if positive information is presented 

(such as “it is good for your health”), or if insects are processed into familiar products (such as 

hamburgers), some participants might change their opinions about this practice. In the same study, 

the sensory characteristics of cultured meat were accepted; however, most New Zealanders in the 

group rejected choosing this product because of the perception that this meat was artificial (Tucker, 

2014). These findings were also supported by De Koning et al., (2020), Rolland et al., (2020), and 

Verbeke et al., (2015). According to sensory and consumer research, introducing entomophagy and 

cultured meat to the general public is still challenging today. Companies in New Zealand can develop 

strategies to commercialise their cultured meat or insect-based meat based on this study. They can 

provide their insect patty to hamburger stores because the participants in the sensory research 

mentioned it was acceptable when the insect was processed as a part of hamburgers. What is more, 

they can introduce their cultured meat product as ‘healthy’ and ‘green’ as plant-based meat claims 

through advertising because the main factor which affected consumer acceptance was health 

concern based on the sensory research. Hence, this is one of the ways that sensory research and 

evaluation can contribute to product development and commercialisation.  
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As a key part of sensory science, developing a descriptive lexicon for food products requires an 

enormous amount of data, which means that the sensory test may need to be repeated several times 

(Heymann, King & Hopfer, 2014). What is more, to gain high-quality data, participants would need to 

be trained for several months (Hamilton & Jacob, 2020). Both repeating sensory tests and training 

pannel consume plenty of time and money (Hamilton & Jacob, 2020). For example, to gain the 

sensory profile and preference of whisky, a traditional approach is to hold sensory evaluation and 

focusing group to achieve this goal. It costs time and space for finding participants and holding the 

evaluation. If the company wants to obtain high-quality data, they have to train the participants, 

which would cost time and money in large amounts. Otherwise, the untrained participants may not 

be able to evaluate the sensory profiles of whisky correctly because they may not be familiar with 

the attributes of whisky. To gain reliable data more efficiently and economically is a goal that many 

companies aim to achieve. One more challenge in the descriptive sensory evaluation is that different 

participants may use different words to describe the same or similar attributes, characteristics, and 

emotions. It would cause problems when the researcher analyses the data, spending more time to 

group the descriptive words. Thus, exploring an alternative method to improve the descriptive 

lexicon’s developing process for a product is required (Hamilton & Jacob, 2020).  

 

1.7 Text Mining and Natural Language Processing 

 

Under this situation, text mining and natural language processing were introduced (Bakhtin, 

Khabirova, Kuzminov & Thurner, 2020; Bécue-Bertaut, Mónica, Álvarez-Esteban & Pagès, 2008; Zong, 

Hamilton & Jacob, 2020; Wang & Du, 2010) as options to obtain quick and reliable information. Text 

mining is an artificial intelligence technology that can read enormous text and reform that 

information into a structured and justified form, which is suitable for analysing key trends using 

machine learning algorithms (Linguamatic, 2020). Text mining relies on natural language processing 

to achieve this goal. Helping researchers to collect information for answering a specific question, text 

mining is widely used in knowledge-driven organisations, biomedical science, biological science, 

autoimmune disease research, toxicogenomic and protein docking (Badal, Kundrotas & Vakser, 2015; 

Cohen & Hunter, 2008; Gorr, Wennblom, Horvath, Wong & Michie, 2012; Leaman, Wei, Allot & Lu, 

2020; Lee, Liu, Kelly & Tong, 2014; Linguamatic, 2020; Rebholz-Schuhmann, Kirsch & Couto, 2005). In 

food science, especially sensory evaluation, the number of research applying text mining is still very 

limited. It might be the result that there are several challenges regarding using text mining in sensory 

analysis. A limited number of database and scattered data in terms of food sensory would be one of 

the first challenges in this field.  
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Hamilton & Jacob (2020) developed a descriptive lexicon for whiskies with two prominent websites: 

WhiskyCast and Whiskyadvocate by applying text mining and natural language processing. They ran 

codes to do the natural language processing (including created word cloud and other visual analysed 

data). They achieved their goal after gaining a large data set (2309 reviews and 4298 reviews, 

respectively) regarding the sensory attributes and prices from these two websites. However, their 

findings were limited to these two databases (or websites). Information can be collected easily using 

several codes because all this information was contained in these sources. If the data were scattered, 

the collection of this information would need to reach hundreds of different websites, which could 

be a problem because the codes used to grab texts from the website would need to be modified 

several times to fit the different website structures (Hamilton & Jacob, 2020). Furthermore, hundreds 

of URL (Uniform Resource Locator) and CSS (Cascading Style Sheets) selectors are required to be 

provided to the controller each time the web structure changes. In this case, a website providing 

abundant alternative protein information was not found. Thus, this was one factor that limited the 

amount of analysed data.  

 

When the specific database is not found, social media data would be a choice. Some consumers 

would post their sensory experience of products on social media, which is valuable free information 

for sensory research. However, this type of data might be subjected to restrictions (such as being not 

open accessible). Taking Facebook as an example, most of the data on Facebook is not open access, 

which means that web crawlers could not grab them (Tao, Yang & Feng, 2020). What is more, in 

some regions or countries, using a web crawler to collect information on the internet can be 

forbidden (Hamilton & Jacob, 2020). Therefore, applying text mining and natural language processing 

in sensory science is limited by these factors, making it just available in some specific cases. For its 

broader application in the sensory field, developing more databases or exploring other ways to 

improve this technique is required.  
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Chapter 2 

Introduction 

 

Several environmental problems were caused by the increased meat consumption and related 

industry, including increasing greenhouse gas emissions, nitrates leaching, land compaction, over-

consumption of water, and antimicrobial resistance (Fiorentini et al., 2020; Foote et al., 2015; 

Giacomelli et al., 2014; Nawaz et al., 2013). Thus, to meet the increasing requirement of meat 

consumption in a more environmentally friendly manner, replacing traditional meat with alternative 

protein is a potential solution. There are five main kinds of alternative proteins, including plant-

based, insect-based, algae-related, fermented by yeast, and culture meat (or in-vitro meat) (FAIRR, 

2019). Many companies have started to explore the possibility of replacing animal meat products 

with these five types of alternative proteins (Fiorentini et al., 2020). To increase the likelihood of 

successfully commercialising novel products like these, therefore, sensory evaluation plays an 

important role in product development to justify the product according to feedback from the 

consumer (Verbeke et al., 2015).  

 

As a key part of sensory science, developing descriptive lexica for food products requires a large data 

set, which means that the sensory tests may need to be repeated over time (Heymann, King & 

Hopfer, 2014). What is more, for the evaluated product’s specific sensory experiences, open-ended 

questions are used commonly instead of closed-ended questions. Open-ended questions were used 

to investigate the factor that drives consumers’ liking score on products regarding the sensory 

attributes (Lawless & Heymann, 2010; Spinelli et al., 2017). It can be an alternative or complementing 

approach to map consumers’ preferences according to their descriptive comments based on texts 

(Spinelli et al., 2017). Widely applied in food industries, such as wine and meat, it can indicate the 

descriptive words which are related to the products from the feedback of participants (Spinelli et al., 

2017). Consumers can be freer and provide all the product’s opinions by using their language rather 

than focusing on the researcher’s aspects compared to determinate questions (Spinelli et al., 2017). 

However, due to its characteristics and high freedom of word choice, the rough text would tend to be 

harder for the analysis and time consuming (Delarue & Lawlor, 2014; Spinelli et al., 2017). The 

analysed text matrix may lead up to thousands of words, and one word may have different meanings 

in different sentences. This kind of text’s basic workflow is followed by text segmentation, sentence 
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tokenisation, lemmatisation, and stemming to group similar words together (Bakhtin et al., 2020; 

Spinelli et al., 2017).  

 

All these works are barely possible to be finished by using manual operation; thus, under this 

situation, an automatic approach (algorithms) shows its significant advantage in time-saving. 

Recently, text mining and natural language processing were introduced to help researchers obtaining 

sensory data easier and faster from the internet instead of using repeating sensory tests (Bakhtin, 

Khabirova, Kuzminov & Thurner, 2020; Bécue-Bertaut, Mónica, Álvarez-Esteban & Pagès, 2008; Zong, 

Hamilton & Jacob, 2020; Wang & Du, 2010). This automation can decrease the time and money spent 

on research. What is more, it can read an enormous amount of sensory data and reform that 

information into a structured and justified form that is suitable for further analyses (Linguamatic, 

2020). With this technique, sensory research can be held more quickly relatively than the traditional 

sensory tests. For the past decades, to save time and money in descriptive analysis, researchers have 

developed several types of rapid descriptive analysis. Simultaneously, all of these methods 

diminished some of the outstanding properties of descriptive analysis on varied levels. With the 

combination of algorithms and descriptive analysis, the limitation of human processing data has been 

broken. This research aimed to use text mining and natural language processing to explore 

alternative protein’s sensory attributes based on the data collected from the internet and scientific 

reports. Although this has a limitation in terms of the number of scientific papers (n=20 articles), it 

still provides a prototype of applying text mining on future consumer tests.  
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Chapter 3 

Materials and Methods 

3.1 Selection of papers 

To obtain the data, one of the most important things is that it is accessible. All of these 20 papers are 

accessible for hypertext-markup-language (HTML) and portable-document-format (PDF) form, which 

means that they can be scraped by web crawler as well as PDF text mining command in R (Version 

1.3.1093) (R Core Team, 2019) after downloading. Thus, an alternative approach can be developed if 

the first scarping method does not work. Furthermore, all these 20 articles are in the period from 

2018 to 2021. They are recent studies, hence can provide the latest information and trend of the 

alternative proteins. 

 

3.2 Processing of papers or text 

 

All the work was done in a statistical computing language called R (Version 1.3.1093) (R Core Team, 

2019). The packages applied in R were rvest and xml2 (for web scraping), pdftool (for PDF document 

scraping), tm (for text mining), SnowballC (for text stemming), RColorBrewer (for colouring bar chat 

and word cloud), syuzhet (for emotion analysis and classification), ggplot2 (for plotting charts) and 

wordcloud (for developing word-cloud). The pictures of some results were cut by screenshot in 

portable-graphics-format (PNG) document type in order to improve the pixel of the image.  

 

3.3 Text Mining 

 

3.3.1 Web Scraping 

 

Although grabbing information from a website manually is available in some cases (Hamilton & 

Jacob, 2020; Ickes, Lee & Cadwallader, 2017), applying a web crawler would be more advantageous 

because it saves time. In this case, almost all the data was collected from scientific reports which 
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were in .pdf document type. This simple web crawler just scraping a single page to show the basic 

guideline for web scraping.   

Codes: 

‘ 

library(xml2) 

library(rvest) 

read_html("https://www.dataquest.io/blog/web-scraping-in-r-rvest/") 

web=read_html("https://www.dataquest.io/blog/web-scraping-in-r-rvest/") 

web %>% html_nodes("body span, p, ul, li") %>% html_text 

’ 

 

The first step was that loaded the packages which supported web scarping. In this case, xml2 (R code) 

and rvest were loaded by the first and second lines. Applying ‘read_html()’ command and typing the 

URL into the brackets to capture this page’s source file in the third line. After this, CSS (Cascading 

Style Sheets) information (in the .html document) was used to locate the text which was needed to 

be scraped on the page. Normally, these elements of the website could be reached by opening the 

developing tool in the browser. Typed the CSS information into the brackets in the ‘html_nodes()’ 

command, and all of the text on this webpage was scraped and illustrated in the R console. A part of 

it was indicated in figure 1.  
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Figure 1. A part of the text captured from the website by a crawler 

 

3.3.2 PDF scraping and text processing 

 

Because of the multiple problems mentioned above, .pdf documents were used to scrape in this 

study. To scrap the .pdf document had a similar workflow as web scraping. The codes applied in this 

study were indicated in Appendix A, and it was written by Cristhiam Gurdian from Louisiana State 

University, the United States of America. The first step is to download academic articles that are 

suitable for the research topic. As the description in Appendix A, the codes would only work if the 

working directory was set to the folder to which the PDF files were downloaded. After the directory 

was set successfully, the codes can be run to do Natural Language Processing (text segmentation, 

sentence tokenisation, lemmatisation, and stemming). When this step was done, it meant that this 

text matrix was ready to be analysed. Straight afterwards, word count and other visual data can be 

produced by applying packages in the R program such as, syuzhet, ggplot2, and word cloud which 

were used in this study. These codes achieved word counts of keywords in the text. To go further and 

be more specific, works were done by the codes illustrated in Appendix B.  

 

3.3.3 TXT scraping and natural language processing 
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In order to gain more specific data regarding sensory attributes of alternative protein, text from the 

academic paper was selected. The introduction, materials and methods, conclusion, and references 

sections were eliminated, and only the results and discussions part were generated. The text from 

academic papers was copied and pasted into the TXT document. There were 20 analysed papers, and 

each result and discussion section of the papers would be pasted in a new TXT document alone. After 

that, all the text in those TXT documents would be collected and created a new TXT document as the 

main analysed text matrix in this study. Thus, 20 TXT documents that contain the text from 20 

academic papers and one TXT document named ‘Main Text Matrix’ that contained all of the text 

which was inside of 20 TXT documents were generated. In total, 21 TXT documents needed to be 

analysed. The Main Text Matrix was to investigate the whole picture of these twenty academic 

papers in terms of the sensory attributes of alternative proteins. All of these documents would be 

captured and processed to Natural Language Processing text segmentation, sentence tokenisation, 

lemmatisation, and stemming) by the codes (shown in Appendix B) before producing any visual data.  

 

The frequency of each word occurring in the Main Text Matrix would be counted, indicated as a table 

and bar chart. By doing this, the relationship between words and alternative proteins could be 

developed preliminarily. Sentiment analysis and emotion classification would be done by the package 

called syuzhet (R code). The occurring times of sentiment would be counted and indicated in a bar 

chart, while the proportion of each emotion in the matrix would be calculated as a percentage and 

illustrated in the bar chart. The emotion classification of 20 TXT documents was run individually in 

order to gain the proportion of emotions data in each paper. The types of alternative proteins 

mentioned in each article were also be indicated, thus, the emotion of each type of alternative 

protein can be explored. Word cloud would also be produced during the analysis. It is an intuitive 

image showing the frequency of words in the matrix. Based on the result of the word frequency, 

which was analysed above, the association of these words was investigated. This process can show 

the vocabularies around the terms which were aimed at, as well as how strongly they were related. 

More specific and reliable details of alternative protein can be collected by following the word 

association data.  
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Figure 2 Basic workflow of NPL 

 

3.4 Statistical Analysis 

 

To obtain the visual relationship between emotions and the types of alternative proteins, the 

statistical analyses were correspondence analysis and k-proportion test processed by software 

XLSTAT (Version 2018.1.1.62926) in Excel while p<0.05 for significant analysis. 
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Chapter 4 

Results and Discussion 

Overall, the frequency of words showed in the Main Text Matrix was analysed and indicated in Figure 

3 as a bar chat. The specific data of word count has been attached in Appendix D. Word cloud was 

generated to show the word frequency more intuitively and illustrated in Figure 4. The most frequent 

word would be placed in the centre of the word cloud as well as the words with higher frequency 

would tend to be bigger while the words with lower frequency would be smaller. The proportion of 

each emotion in the text matrix and the times of sentiments showed in the text matrix were 

indicated in Figure 5 and Figure 6 as bar charts, respectively. The proportion of emotions in each 

paper (20 articles in total) were generated and showed in table 3. Last but not least, the relevance 

between keywords and other words was analysed and attached in Appendix E. All the words showed 

in the tables, figures and appendixes were their root form. For instance, ‘consum’ would represent 

‘consumer’, ‘consume’, ‘consumes’, ‘consuming’, ‘consumed’, and ‘consumption’. Thus, when the 

frequency of consum was 264 times, it means all the words which were related to this root (in this 

case, they were consumer, consume, consumes, consuming, consumed, and consumption) appeared 

264 times in total. 

 

4.1 Word frequency 

 

The roots of the word including ffs, meat, protein, product, food, and consum were at a very high 

level of frequency with 697, 531, 432, 404, 356, and 264 times, respectively. Indeed, it is normal to 

read these words (meat, protein, product, food, and consum) in the academic papers which were 

studying alternative proteins. Ffs was the highest word root showed in the text matrix, while its 

meaning was not clear. When the twenty academic papers were analysed individually, ffs was also 

indicated in their word cloud. Hence, the assumption was that ffs represented a by-product or a type 

of compounds of the alternative proteins, which would occur in every alternative proteins’ product.  
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Figure 3. Top 50 most frequent words 

 

 

Figure 4. Word cloud of text matrix 
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The other words that were related to the type of alternative protein were insect (179 times), 

plantbas (97 times), pea (82 times), spirulina (76 times), and plant (67 times) were also indicated as 

top 50 frequent words in the matrix. Due to the word root plantbas and plant had a similar meaning, 

they could be summarised together and represented the plant types of alternative protein. Thus, the 

claim could be made that among five types of research focused on insect-based protein the most 

(179 times) and followed by the plant-based alternative protein (164 times). This result was 

conflicting with Appendix D. Appendix D indicated that plant-based protein was the topic of 15 

academic papers (Agbemafle, Hadzi, Amagloh, Zotor & Reddy, 2020; Chiang, Hardacre & Parker, 

2020; Cosson et al., 2020; De Koning et al., 2020; Fiorentini et al., 2020; García-Segovia, Igual & 

Martínez-Monzó, 2020; Grahl et al., 2018; Grasso, Hung, Olthof, Verbeke & Brouwer, 2019; Kaleda et 

al., 2020; Kamani, Meera, Bhaskar & Modi, 2019; Martin, Lange & Marette, 2021; Possidónio, Prada, 

Graça & Piazza, 2021; Sha & Xiong, 2020; Stephan, Ahlborn, Zajul & Zorn, 2018; Yuliarti, Kovis & Yi, 

2021) while insect-based protein was only mentioned in 9 academic papers (Agbemafle, Hadzi, 

Amagloh, Zotor & Reddy, 2020; Altmann, Neumann, Velten, Liebert & Mörlein, 2018; Ardoin, & 

Prinyawiwatkul, 2020; Chow, Riantiningtyas, Sørensen & Frøst, 2021; De Koning et al., 2020; García-

Segovia, Igual & Martínez-Monzó, 2020; Grasso, Hung, Olthof, Verbeke & Brouwer, 2019; Mishyna, 

Chen & Benjamin, 2020; Possidónio, Prada, Graça & Piazza, 2021). Thus, plant-based protein was the 

hottest topic in this study. This limitation might be the result of the number of academic papers 

because the result of text mining would tend to be more correct when the text matrix is bigger 

(Hamilton & Jacob, 2020). In the small text matrix, for instance, in this study, a slight difference might 

not be able to be investigated, while a significant difference could still be found. The difference in 

frequency between plant-based protein and insect-based protein was only 15 times, which was a 

very small difference. In contrast, there was no word root which was associated with cultured meat 

and yeast fermented protein that is shown in the top 50 frequency word list, which means that they 

were not important among these 20 articles. Hence, based on the frequency of the word, the claim 

can be made that plant-based protein (164 times) and insect-based protein (179 times) were the 

hottest topics in this study, while algae-related (76 times) protein was with lower focusing and the 

cultured meat and yeast fermented protein were the least. Instead of soy, pea was the only plant 

word indicated in the top 50 frequency words. Based on this result, the assumption can be made that 

the attention of researchers has been shifted to pea in terms of producing plant-based protein in 

recent studies (from 2018 to 2021, which was the published year range of twenty papers; Cosson et 

al., 2020; García-Segovia et al., 2020; Kaleda et al., 2020; Martin et al., 2021; Sha & Xiong, 2020; 

Stephan et al., 2018; Yuliarti et al., 2021). In their research, pea was the investigated plant while two 

papers made the comparison with soy, and in Cosson et al., (2020) study, they mentioned that pea 

protein has become more commonly applied in the food product as a plant-based alternative 

protein. The same approach could also be applied to the word root spirulina. When the application of 
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algae alternative protein was explored, spirulina was the most comment algae, which was used in 

products based on this study in recent years.  

 

Thus, based on the frequency of the word in the text matrix, key points of the matrix can be 

investigated. For instance, in this study, plant-based and insect-based proteins were found out that 

they were in the centre of the researcher's attention, while the cultured meat and yeast fermented 

protein were studied less compared to plant and insect protein recently. Pea has become the most 

comment plant regarding plant-based protein application research, while spirulina was the most 

popular algae in algae alternative protein research. 

 

The word roots which may indicate the attributes of alternative proteins such as differ, accept, 

increas (the root of increase), like, and posit (the root of positive), were also illustrated in Appendix D 

with 141 times, 124 times, 116 times, 110 times and 73 times respectively. To analyse this type of 

word, the assumption could not be made easily only based on the word roots’ frequency because 

word roots would be counted whether it was positive or negative in the article. Taking the word root 

‘differ’ as an example, in the text, either time of significant different or no significant difference 

would be counted as word root ‘differ’. The proportion of significant difference and no significant 

difference in the text matrix was unknown. Thus, the assumption could not be made that there was a 

difference between traditional meat product and alternative protein product due to the word root 

differ occurred high frequently as simple as above. The same rule was also suitable for the word root 

accept, increas, and like because they may represent not acceptable, not increased, and not like. 

Although the antonym of these words could be written as unacceptable, decrease and dislike, like 

participants using their own descriptive word, it is still possible that different authors have their own 

writing style. Hence, analysing the relevance between keywords and other words can be used to 

support data analysis for word frequency and improve the reliability of the assumption made based 

on the text mining data.  

 

4.2 Relevance between different words 

 

Word frequency would indicate a whole picture of the text matrix, while neither positive nor 

negative statements were still unclear. In table 1, a part of the relevance between keywords and 
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other words were shown. For the full result of the relevance, Appendix E can be referred to. It is easy 

to notice that the word ‘insect’ had a high association with words including ‘willing’, ‘neophobia’, 

‘cockroach’, ‘disgust’, ‘novel’, and ‘bit’. The sensory profile and the acceptance of insect alternative 

protein were illustrated in these words. ‘Willing’ and ‘neophobia’ had a similar coefficient which 

means that they may be associated with each other. The claim can be assumed that insect neophobia 

would affect the willingness of trying insect alternative protein. Several articles supported this 

finding. In De Koning et al., (2020) research, they found that food neophobia would affect the 

willingness to consume insect protein and would impact plant-based protein. It would cause a 

negative influence on accepting the terms of entomophagy and sensory appeal (Ardoin & 

Prinyawiwatkul, 2020; Chow et al., 2021; Grasso et al., 2019). The word ‘cockroach’, ‘disgust’, and 

‘novel’ also showed a high and similar relation between them and ‘insect’. It can be concluded that 

‘cockroach’ was a hot topic regarding insect alternative protein because it was mentioned in Chow et 

al., (2021) and García-Segovia et al., (2020) studies. ‘Disgust’ and ‘novel’ were the significant 

descriptive word for the insect alternative protein based on this result. Indeed, entomophagy was 

novel in Western cultures and disgusting was a common emotion appeared in participants while 

consuming insect was introduced (Ardoin & Prinyawiwatkul, 2020; De Koning, et al., 2020). 

Furthermore, insect bread was evaluated as disgust by participants (García-Segovia et al., 2020), and 

the observation of the disgust emotion contributed to the rejection of entomophagy more greatly 

than food neophobia (Chow et al., 2021).  

 

As mentioned above, to make an assumption that was only based on word frequency of the words 

such as ‘accept’, ‘like’ and ‘expect’ were not critical and reliable. All of these three words were 

surrounded by negative words in high association level: Dont (0.45) was related to accept; Negat 

(0.29) which was the word root of negative was related to like; Disappoint (0.35) and reject (0.29) 

were associated with expect. Thus, alternative proteins had still not been accepted/liked/expected at 

some level (the negative words were not 100% related to the keywords) that could be made as an 

assumption. To figure out which type of alternative proteins impacting acceptance negatively, all 

data need to be considered. Firstly, plant-based alternative protein, insect-based alternative protein, 

and algae protein were the text matrix’s main objectives based on the result of word frequency. 

According to the relevance of insect with other words, it could be assumed that insect protein would 

cause a negative effect on acceptance. Furthermore, in the relevance analysis of word like, 

spirulinarel (the word root of spirulina, an alga) was highly related to like. Last but not least, there 

was no negative word shown in the relevance of plantbas. Hence, it could be assumed that insect-

based protein was the part that has not been accepted by consumers among alternative proteins 

while the plant-based and algae protein was better accepted. The acceptance of cultured meat and 



 22 

yeast fermented protein was unknown because the information of them was limited. Indeed, plant-

based alternative products were acceptable for participants normally while most of the negative 

comments about the acceptance of alternative proteins were associated with insect-based protein 

and cultured meat. According to the sensory evaluation result from n=71 participants, plant-based 

(soy) meat analogues were as acceptable as beef samples regarding visual appearance (Fiorentini et 

al., 2020; Gómez, Ibañez & Beriain, 2019). The sausage made from wheat and soy isolate was not 

significantly different from the traditional sausage in terms of texture (Fiorentini et al., 2020; Kamani, 

Meera, Bhaskar & Modi, 2019). Other research also showed that there was no significant difference 

between the plant-based (soy) meat patty and all-beef patty regarding overall liking score (Fiorentini 

et al., 2020; Wong, Corradini, Autio & Kinchla, 2019). Furthermore, De Koning et al., (2020) and 

Gómez-Luciano et al., (2019) claimed that consumers prefer to adopt plant-based alternative protein 

rather than insect-based protein based on his research. The same result was also indicated in other 

papers that were used in this text mining analysis. Usually, consumers refuse to consume insects 

because of neophobia and disgusting feelings (De Koning et al., 2020). Although sometimes 

participants might accept the insect protein product after educating or convincing, the first 

impression of consuming insect was disgusting and unadoptable the most of times (Ardoin & 

Prinyawiwatkul, 2020; Chow et al., 2021; De Koning, et al., 2020; García-Segovia et al., 2020; Tucker, 

2014).   

 

In table 1, a part of the descriptive lexicon was developed regarding plant-based and pea alternative 

protein. The word plantbas was related to health, insectbas, and Asia. The consumer would tend to 

agree what consume plant protein was healthier than meat as well as it has been proved 

scientifically (Cosson et al., 2020; De Koning et al., 2020; Fiorentini et al., 2020; García-Segovia et al., 

2020; Martin et al., 2021). Many plant-based protein products such as tofu, were first introduced in 

Asia (De Koning et al., 2020; Fiorentini et al., 2020). This might be able to explain the high relevance 

between plant-based protein and Asia. According to the table, plant-based protein and insect-based 

protein were compared in high frequency. Hence, it was not surprising to find that there was high 

relevance between plant-based and insect-based proteins. Due to the plant-based protein was 

significantly high in the word frequency, and pea was the only type of plants that were shown in the 

top 50 words frequency, pea was also analysed as a keyword. As the result shown in table 1, pea was 

in high relevance with mushroom (0.51) and lupin (0.54) because there were two articles in the text 

matrix that compared pea protein to mushroom and lupin (Cosson et al., 2020; Stephan et al., 2018). 

Because of this, it was difficult to judge whether the following descriptive words were related to pea, 

mushroom, or lupin. Indeed, in the article, pea was described as green, beany, fresh, and grassy 

attributes while lupin was evaluated as beany/green, mushroom/earthy, nutty, and other attributes 
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(Cosson et al., 2020). In other words, the attributes in terms of dusty and earthy were not related to 

pea protein (Cosson et al., 2020).   

Table 1. The relevance between keywords and other words 

1. Insect (%) 

Willing (0.38) Neophobia (0.37) Cockroach (0.34) Disgust (0.33) Novel (0.33) 

 
2. Accept (%) 

Dont (0.45) Adult (0.31) Barrier (0.29) Elder (0.29)  

 

3. Like (%) 
Tomato (0.41) Spirulinarel (0.30) Negat (0.29)   

 

4. Plantbas (%) 
Health (0.26) Insectsbas (0.26) Asia (0.25)   

 

5. Expect (%) 

Disappoint (0.35) Novel (0.30) Reject (0.29)   

 

6. Pea (%) 

Lupin (0.54) Mushroomi (0.51) Dusti (0.49) Green (0.45) Nut (0.40) 

Earthi (0.38) Bitter (0.34)    

 

Based on the relevance analysis, it could be also found that the acceptance of alternative protein was 

also related to age. Adult (0.31) and elder (0.29) were more likely to accept alternative proteins 

(Grasso et al., 2019). This may result in food neophobia mitigated while the age increases (Ardoin & 

Prinyawiwatkul, 2020; Chow et al., 2021; De Koning et al., 2020; Grasso et al., 2019). All of these 

findings were contributed by word frequency and relevance analysis as a part of text mining, and it 

was necessary to consider both while assumptions were made.  

 

4.3 Emotion analysis 

 
The emotions analysis for the whole text matrix were illustrated in Figure 5 and 6, while the analysis 

of the emotions of each paper was shown in table 3 and the result of correspondence analysis was 

indicated as a symmetric plot in Figure 7. Overall, there no significant relevance between protein 

types and emotions in alpha=0.05 level because Chi-square observed value was lower than Chi-

square critical value in correspondence analysis according to table 2. Hence, the null hypothesis (The 

rows and the columns of the table are independent) was accepted.  
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Table 2. Independence test in correspondence analysis between the protein types and the 
emotions 

Chi-square (Observed Value) 50.734 

Chi-square (Critical Value) 66.339 

DF 49 

p-value 0.405 

alpha 0.05 
 

Table 3. Emotion analysis of each academic paper 

NO. Alternative protein 

types 

Proportions of each emotion in the text (%) 

Trust Joy Anticipation Sadness Fear Disgust Anger Surprise 

1 Plant 30 18 14 8 10 7 7 6 

2 Plant, insect  34 17 16 9 7.5 7.5 9 0 

3 Plant, insect 23 14 17 15 11 6 7 7 

4 Plant  22 13.5 17 15 11 6.5 7.5 7.5 

5 Plant, insect 40 21 13 6.5 5.5 4 5 5 

6 Insect, algae 27.5 17.5 19 8 5 11 6 6 

7 Plant, insect, 

cultured meat 

32 20 14 11 10 4 4 5 

8 Insect  23 16 14 11 11 9.5 11 4.5 

9 Plant  35 17 29 4 4 3.5 0 7.5 

10 Plant  28 14 16 16.5 13 1 4 7.5 

11 Plant  19 14.5 13.5 12.5 13.5 8.5 7.5 11 

12 Plant  34 12 26 14 4 4 6 0 

13 Plant, algae 41 16 8.5 10.5 7 5 4 8 

14 Plant  26 14 13 12 5.5 12.5 10 7 
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15 Algae 32 23 14 10 5 8 5 3 

16 Plant, insect, 

algae, cultured 

meat 

36 20 15 10 7 4 6 2 

17 Plant 30 15 15.5 11.5 10 5 6.5 6.5 

18 Insect 31 16.5 20 9.5 2.5 6 5 9.5 

19 Plant 32 27.5 11.5 6 11.5 0 0 11.5 

20 Insect  24 16 11 9 14.5 14 8 3.5 

 
‘Trust’ dominated the main proportion of text matrix emotions (table included ‘trust’, ‘joy’, 

‘anticipation’, ‘sadness’, ‘dear’, ‘disgust’, ‘anger’, and ‘surprise’) making up to 34%. However, because 

of the tone of the academic papers, ‘trust’ was not positive neither negative in the test. ‘Joy’ had the-

second-high proportion in the text matrix, which might indicate that researchers were optimistic for 

the future of the alternative proteins. Consumers had well accepted plant-based protein due to its 

health worth and relatively pleasant sensory attributes (Cosson et al., 2020; De Koning et al., 2020; 

Fiorentini et al., 2020; García-Segovia et al., 2020; Martin et al., 2021). For the insect-based protein, 

although cultural barriers affect the preference of insect-based alternative proteins in the short term, 

these products would tend to be more acceptable for the public in the long term due to a more 

frequent exposure over time through advertisement, education, and marketing (De Koning et al., 

2020). Algae-based protein, cultured meat, and yeast-fermented protein were an advantage in their 

resource usages such as requiring less soil and freshwater (Rodríguez‐Limas et al., 2015; Van Krimpen 

et al., 2013; Verbeke et al., 2015). The negative emotions, including ‘sadness’, ‘fear’, and ‘disgust’, 

represented 10%, 8.5%, and 7%, respectively. These emotions in the text matrix might be affected by 

the considering of alternative protein drawbacks. For example, the text about food neophobia would 

lead to fear and the descriptive word disgusting would cause disgust in the text matrix emotion 

analysis.  

 

Figure 7 indicated the relationship between emotions and the categories of alternative proteins. In 

the symmetric plot, insect and insect, algae were separated from other categories as well as 

associated with disgust and anger. Besides this, there was no noticeable relationship shown. This 

result was the same as the independence test.  
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Figure 5. The proportion of each emotion in the text matrix 

 

 

Figure 6. The counted times of each sentiment in the text matrix 
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Figure 7. The symmetric plot of correspondence analysis 

 

4.4 Comparison with other text mining works and the limitation of this study 

 

In Bakhtin et al., (2020) research, they analysed over 30 million documents to try to figure out the 

core research topics and trends in agriculture and food production. The data was collected from 

several databases, media, websites, and organisations. Based on their research, using fertilisers and 

chemical agents in farming were the major issues which were studied in food security. Embryo DNA, 

gene editing, and CRISPR/Cas9 were becoming the centre of genetic research instead of gene 

modification which had been popular for years. In the future, edible insect, industrial meat 

production, and industrial food systems would be the focus of extensive research. Furthermore, 

there is a higher relevance between food security and biological hazards, fungicides, and pesticides 

(Bakhtin et al., 2020). The approaches applied in their research were only text clustering and word 

frequency. Indeed, with the enormous amount of text, it was unnecessary to apply word association 

to justify the result. The error would be mitigated or even almost eliminated with that huge amount 

of text in text mining. Compared to our study, it was a significant advantage in text scope, while the 

website providing great alternative protein information was not found in our study leading to a 

limited context. Their research could be claimed as big data analysis, which was a robust analysis 

approach for finding a relationship between terms through an enormous amount of text without 

knowing the reason.  
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In another study, social media, website, and databased papers were collected to study which was in 

terms of food safety, dietary pattern characterisation, consumer opinion, product development, food 

knowledge discovery, and food supply chain management by text mining (Tao et al., 2020). There 

were 57 papers used in total, which was similar to our study. The approaches which were similar to 

our study were used in their study including word frequency, word association analysis, and 

sentiment analysis. Furthermore, they also explored the application of other novel text mining 

analysing approaches such as text classification, text clustering, and topic modelling (Tao et al., 

2020). Compared to our research, on the one hand, although more papers were investigated in their 

study, the number of scientific reports of our study was higher than in their study, which means that 

we have qualifier data resource (Tao et al., 2020). The result would tend to be more scientific and the 

words had been justified in advance in the original paper, leading to a more specific description. On 

the other hand, a higher proportion of social media and internet data is beneficial for the 

development of the lexicon. The descriptive lexicon developed in our study was very limited, which 

could not show the whole sensory picture of alternative proteins. One of the reasons was that we did 

not have a description of alternative proteins from consumers. In the scientific reports, more words 

would be used to discuss the mechanism rather than attributes. What is more, with the text from 

consumers, emotion analysis can be applied to analyse consumer. It could show the attitude of 

consumers on alternative proteins more directly. There was another drawback of their research that 

the visual plot was not provided in their article. With the visual plot, the result of their research 

would be indicated more intuitively rather than text.  

 

4.5 Improvement of the codes 

 

Both the scraping PDF and TXT codes had a drawback: they could not locate specific text sections. 

Specifically, the codes only could scrape the whole document instead of sections in the document. It 

caused a problem that to make the aimed section be scraped individually, it could only be achieved 

by copying the sections and pasting them as a new document. Furthermore, for the TXT document’s 

codes of scraping, the aimed document needed to be selected manually every time. Thus, the 

locating command and looping command could be further explored if they were available. 
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Chapter 5 

Conclusion 

In conclusion, this study analysed n=20 scientific reports to explore the application of text mining in 

sensory research. According to the result of word frequency, the plant-based and insect-based 

alternative proteins were the centres of alternative protein research. What is more, pea was focused 

the most rather than soy among all plants. With support from word association analysis, the insect-

based protein was related to terms such as neophobia, cockroach, disgust, and novel while plant-

based protein was associated with health and Asia. Furthermore, the insect-based protein 

contributed most of the negative comments in the text matrix. Correspondence analysis showed that 

there was no significant difference between emotions and protein categories. To develop the 

descriptive lexicon of alternative proteins, the text matrix’s scope needs to be improved. Our study 

indicated that the application of text mining in sensory research is helpful when the text matrix is 

enormous. To improve the codes to achieve less manual work and obtain more reliable results, 

further research is required. 
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Appendix A 

PDF document text mining codes and explanation produced by 

Cristhiam Gurdian 

 

#’ --- 

#’ title:  Text mining trial 

#’ author:  Cristhiam Gurdian (cgurdi3@lsu.edu) 

#’ date:   2021-January-06 

#’ --- 

 

install.packages("pdftools") 

library(pdftools) 

#set working directory to the folder that contains the pdf files 

#remove from the pdf names greek characters or symbols because the lappy function will not work 

with those 

 

#create a vector of PDF file names using the list.files function.  

#The pattern argument says to only grab those files ending with “pdf”: 

files <- list.files(pattern = “pdf$”)#only works if you have your working directory set to the folder 

where you downloaded the PDF files 

files #The “files” vector contains all the PDF file names. We’ll use this vector to automate the process 

of reading in the text of the PDF files. 
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#The pdftools function for extracting text is pdf_text.  

#Using the lapply function, we can apply the pdf_text function to each element in the “files” vector 

and create an object called “text”. 

 

text <- lapply(files, pdf_text) #This creates a list object with three elements, one for each document.  

length(text) 

#Each element in “text” is a vector that contains the text of the PDF file.  

lapply(text, length) #The length of each vector corresponds to the number of pages in the PDF file. 

 

####USING TEXT MINING PACKAGE FOR TEXT ANALYSIS 

#First load tm package and then create a corpus, which is a database for text.  

#instead of working with the “opinions” text” object we created earlier, we start over. 

 

install.packages("tm") 

library(tm) 

corp <- Corpus(URISource(files), 

               readerControl = list(reader = readPDF))#The Corpus function creates a corpus. The first 

argument to Corpus is what we want to use to create the corpus.  

#In this case, it’s the vector of PDF files. To do this, we use the URISource function to indicate that 

the files vector is a URI (Uniform Resource Identifier) source.  

# we’re telling the Corpus function that the vector of file names identifies our resources.  

#The second argument, readerControl, tells Corpus which reader to use to read in the text from the 

PDF files (readPDF, a tm function). 

#The readerControl argument requires a list of control parameters, one of which is reader, so we 

enter list(reader = readPDF). 
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#Finally we save the result to an object called “corp”. 

 

#Now that we have a corpus, we can create a term-document matrix, (TDM) that stores counts of 

terms for each document.  

#The tm package provides a function to create a TDM called TermDocumentMatrix. 

 

library(SnowballC) 

text.tdm <- TermDocumentMatrix(corp,  

                                   control =  

                                     list(removePunctuation = TRUE, 

                                          stopwords = TRUE, 

                                          tolower = TRUE, 

                                          stemming = TRUE, 

                                          removeNumbers = TRUE, 

                                          bounds = list(global = c(3, Inf))))  

#The first argument is our corpus. The second argument is a list of control parameters.  

#clean up the corpus before creating the TDM. Remove punctuation, stopwords (eg, the, of, in, etc.), 

convert text to lower case, stem the words, 

#remove numbers, and only count words that appear at least 3 times. We save the result to an 

object called "text.tdm". 

 

inspect(text.tdm[1:10,])#first 10 terms 

 

#pdf_text function may preserve the unicode curly-quotes and em-dashes used in the PDF files. 
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#manually use the removePunctuation function with tm_map, both functions in the tm package.  

#removePunctuation function has an argument called ucp that when set to TRUE will look for 

unicode punctuation.  

corp <- tm_map(corp, removePunctuation, ucp = TRUE) 

#re-create the TDM, this time without the removePunctuation = TRUE argument. 

text.tdm <- TermDocumentMatrix(corp,  

                                   control =  

                                     list(stopwords = TRUE, 

                                          tolower = TRUE, 

                                          stemming = TRUE, 

                                          removeNumbers = TRUE, 

                                          bounds = list(global = c(3, Inf))))  

inspect(text.tdm[1:10,])#first 10 terms 

 

#findFreqTerms function to find words that occur at least 100 times: 

findFreqTerms(text.tdm, lowfreq = 100, highfreq = Inf) 

 

#To see the counts of those words we could save the result and use it to subset the TDM.  

#we have to use as.matrix to see the print out of the subsetted TDM. 

ft <- findFreqTerms(text.tdm, lowfreq = 100, highfreq = Inf) 

as.matrix(text.tdm[ft,])  
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#To see thews 

ft.tdm <- as.matrix(text.tdm[ft,]) 

sort(apply(ft.tdm, 1, sum), decreasing = TRUE) 
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Appendix B 

TXT document text mining codes retrieved from Internet  

library("SnowballC") 

library("RColorBrewer") 

library("wordcloud") 

library("syuzhet") 

library("ggplot2") 

library("tm") 

 

text <- readLines(file.choose()) 

TextDoc <- Corpus(VectorSource(text)) 

 

toSpace <- content_transformer(function (x , pattern ) gsub(pattern, " ", x)) 

TextDoc <- tm_map(TextDoc, toSpace, "/") 

TextDoc <- tm_map(TextDoc, toSpace, "@") 

TextDoc <- tm_map(TextDoc, toSpace, "\\|") 

 

TextDoc <- tm_map(TextDoc, content_transformer(tolower)) 

TextDoc <- tm_map(TextDoc, removeNumbers) 

TextDoc <- tm_map(TextDoc, removeWords, stopwords("english")) 

TextDoc <- tm_map(TextDoc, removeWords, c("s", "company", "team"))  
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TextDoc <- tm_map(TextDoc, removePunctuation) 

TextDoc <- tm_map(TextDoc, stripWhitespace) 

TextDoc <- tm_map(TextDoc, stemDocument) 

 

TextDoc_dtm <- TermDocumentMatrix(TextDoc) 

dtm_m <- as.matrix(TextDoc_dtm) 

dtm_v <- sort(rowSums(dtm_m),decreasing=TRUE) 

dtm_d <- data.frame(word = names(dtm_v),freq=dtm_v) 

head(dtm_d, 50) 

 

barplot(dtm_d[1:50,]$freq, las = 2, names.arg = dtm_d[1:50,]$word, 

        col ="lightgreen", main ="Top 50 most frequent words", 

        ylab = "Word frequencies") 

 

set.seed(1234) 

wordcloud(words = dtm_d$word, freq = dtm_d$freq, min.freq = 5, 

          max.words=100, random.order=FALSE, rot.per=0.40,  

          colors=brewer.pal(8, "Dark2")) 

 

findAssocs(TextDoc_dtm, terms = c("insect","flavor","like"), corlimit = 0.25)   

 

syuzhet_vector <- get_sentiment(text, method="syuzhet") 

head(syuzhet_vector) 
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summary(syuzhet_vector) 

 

bing_vector <- get_sentiment(text, method="bing") 

head(bing_vector) 

summary(bing_vector) 

 

afinn_vector <- get_sentiment(text, method="afinn") 

head(afinn_vector) 

summary(afinn_vector) 

 

d<-get_nrc_sentiment(text) 

td<-data.frame(t(d)) 

td_new <- data.frame(rowSums(td[2:253])) 

names(td_new)[1] <- "count" 

td_new <- cbind("sentiment" = rownames(td_new), td_new) 

rownames(td_new) <- NULL 

td_new2<-td_new[1:8,] 

quickplot(sentiment, data=td_new2, weight=count, geom="bar", fill=sentiment, 

ylab="count")+ggtitle("Survey sentiments") 

 

barplot( 

  sort(colSums(prop.table(d[, 1:8]))),  

  horiz = TRUE,  
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  cex.names = 0.7,  

  las = 1,  

  main = "Emotions in Text", xlab="Percentage" 

) 

 



 45 

Appendix C 

The list of scientific reports that analysed by Natural language 

processing   

Number  Title  Source  

1 Role of Sensory Evaluation in Consumer Acceptance 

of Plant-Based Meat Analogs and Meat Extenders: A 

Scoping Review 

Food 

2 Drivers and Inhibitors in the Acceptance of Meat 

Alternatives: The Case of Plant and Insect-Based 

Proteins 

Food  

3 Nutritional, Microbial, and Sensory Evaluation of 

Complementary Foods Made from Blends of 

Orange-Fleshed Sweet Potato and Edible Insects 

Food  

4 Impact of Fermentation and Phytase Treatment of 

Pea-Oat Protein Blend on Physicochemical, Sensory, 

and Nutritional Properties of Extruded Meat 

Analogs 

Food 

5 Physicochemical Properties and Consumer 

Acceptance of Bread Enriched with Alternative 

Proteins 

Food 

6 Meat Quality Derived from High Inclusion of a 

Micro-Alga or Insect Meal as an Alternative Protein 

Source in Poultry Diets: A Pilot Study 

Food  

7 Consumer perceptions of conventional and 

alternative protein sources: A mixed-methods 

approach with meal and product framing 

Appetite  

8 School children cooking and eating insects as part 

of a teaching program - Effects of cooking, insect 

Food Quality and 

Preference  
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type, tasting order and food neophobia on hedonic 

response 

9 Importance of additional information, as a 

complement to information coming from 

packaging, to promote meat substitutes: A case 

study on a sausage based on vegetable protein 

Food Quality and 

Preference  

10 Structuring the meat analogue by using plant-based 
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Appendix D 

The frequency of word in text matrix (top 50) 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
  
  

Word  Frequency Word  Frequency 

Ffs 697 plantbas 97 

meat 531 also 96 

protein 432 sourc 96 

product 404 compar 85 

food 356 tabl 84 

consum 264 expect 83 

altern 188 content 82 

studi 181 pea 82 

insect 179 structur 82 

tast 167 present 78 

flavor 165 sustain 78 

Use 161 howev 77 

sensori 154 mrp 77 

textur 142 high 76 

differ 141 spirulina 76 

attribut 136 posit 73 

can 128 addit 73 

accept 124 mayb 71 

sampl 121 process 71 

increas 116 develop 69 

effect 111 show 69 

like 110 analogu 68 

result 107 plant 67 

evalu 105 substitut 67 

signific 100  
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Appendix E 

The relevance between key words and other words 
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