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Abstract: Online social networks have become an everyday aspect of many people’s lives. Users
spend more and more time on these platforms and, through their interactions on social media
platforms, they create active and passive digital footprints. These data have a strong potential in
many research areas; indeed, understanding people’s communication on social media is essential
for understanding their attitudes, experiences, behaviors and values. Researchers have found that
the use of social networking sites impacts eating behavior; thus, analyzing social network data is
important for understanding the meaning behind expressions used in the context of healthy food.
This study performed a communication analysis of data from the social network Twitter, which
included 666,178 messages posted by 168,134 individual users. These data comprised all tweets that
used the #healthyfood hashtag between 2019 and 2020 on Twitter. The results revealed that users
most commonly associate healthy food with a healthy lifestyle, diet, and fitness. Foods associated
with this hashtag were vegan, homemade, and organic. Given that people change their behavior
according to other people’s behavior on social networks, these data could be used to identify current
and future associations with current and future perceptions of healthy food characteristics.

Keywords: healthy food; vegan; organic food; homemade food; social media analysis; Twitter

1. Introduction

Food is a part and necessity of every person’s daily life [1]. Therefore, from a health
and policy point of view, it is necessary to investigate what people eat and their opinions
about individual foods. Unhealthy eating is a problem in many countries [2,3], and if
national governments need to develop action programs to promote healthy eating, a
thorough understanding of consumer attitudes, experiences, and behaviors regarding
healthy foods is needed. One way to obtain such information is through social media
analysis [4]. Social media is now a part of many individuals’ everyday lives. Increasingly,
users spend more time on these platforms, and create active and passive digital footprints
through their interactions with other platform users [5]. These data have a strong research
potential in many areas, especially considering that understanding people’s communication
on social media is essential for understanding their attitudes, experiences, behaviors, and
values [6,7]. In the field of food, studies have already analyzed social network data in the
context of farmers’ markets [8], organic food [9], undergraduate students’ food choices [10],
food sharing [11], and food security [12]. At present, social networks are used by around
3.6 billion people worldwide, and it has been predicted that more than 4.41 billion people
will use social networks in 2025 [13]. When comparing this predicted number of social
network users with the predicted global population for 2025 (8,184,437,460 inhabitants) [14],
this indicates that approximately 54% of the planet’s population will use social networks
by 2025. This is therefore a pertinent source of data with the potential to increase both the
number of users and shared content.
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The aims of this study as to identify the main topic associated with healthy food on
the Twitter social network.

1.1. Theoretical Background

The increase in the number of people with obesity is a global trend [15–17]. Many
studies have underlined the association between obesity and health problems, such as
cardiovascular disease [18,19], metabolic diseases [20,21], cancer [22,23], and a higher
risk of severe COVID-19 [24–27]. Although obesity has been considered as primarily a
problem in Western countries, urbanization is setting the stage for an obesity epidemic in
Asia [28–30], in some African countries such as Sudan [31], and in India [32], and is thus
becoming a global problem [16,33]. Food environments and dietary patterns are closely
linked to obesity [34], and food is also reflected in our way of life, culture, and well-being.
For these reasons, there is now a significant interest in public health [1]. Healthy foods
are an important determinant of good health [35,36], while unhealthy eating can lead to
significant health risks [37–39]. Understanding the factors that influence the food choices
and eating behaviors of consumers is essential for tackling this issue [40]. Previous studies
have revealed that customers’ food selection process is greatly influenced by their social
environment, including friends and the shopping environment (such as in-store marketing
activities) [41–45]. Furthermore, two key studies reported that social networks have an
important impact on consumers’ shopping behavior [45,46]. Social networks have now
become environments in which users can independently create and share content. By
2025, a predicted 4.41 billion people will use social networks [13], which is half the global
population. Since young adults have widely adopted social media, health researchers are
looking for ways to leverage this engagement with social media to deliver interventions
and health promotion campaigns [46]. The global problem with obesity and healthy
problems are so central reasons why many studies focus on the use of social networks
and health issues [47]. because, social media has the potential to exchange information
related to healthy behaviors [48,49]. Based on the above analysis of communication on
social networks about the subject of food could help us to gain a deeper understanding of
consumer behaviors and attitudes [50] when it comes to healthy food.

1.1.1. Social Media and Food Behavior

Social media can influence consumer behavior, such as choosing food and shopping
behavior, which has been shown in following studies. Fleming-Milici and Harris [51]
identified adolescents’ social media engagement with food/beverage brands. Simeon and
Scarpato [52] reported the negative effects of gathering information on social networks,
which tend to homogenize consumption and decrease consumers’ sustainability awareness.
Social networks can be searched for recipes [53] and information on diets [54], and can be a
good source of dietary information, such as food reviews [52] or advice for feeding young
children [55].

Thus, social media can influence what food consumers buy and eat [53,56], and can
be used as a policy measure to improve food literacy [57,58], and encourage healthy eating
and a healthier lifestyle in general [10]. Indeed, some studies have investigated how social
media can be used to promote health issues, such as nutrition interventions for adolescents
and young adults [59] or health issues during the Covid-19 pandemic [60].

1.1.2. Social Media Analysis

Social networks and social media are highly interrelated concepts. An example is
the Twitter platform, which is a social medium that is built on users’ social networks.
On the Twitter platform, users create messages called “tweets”. The tweet can have a
maximum of 280 characters (including hashtags). In order for Twitter to function as a social
medium, where content will be shared by millions of users, it is first necessary to create
this network of users through their mutual relations, which is the essence of the social
network. Two basic areas of research are used in area of social media, as follows: (1) social
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network analysis is the process of examining social structures using network theory and
graph theory [61]. Social network analysis represents a network of people as graphs and
examines their connections. The nodes in this network represent people, and the edges
connecting the two nodes represent the relationships between them [62]—for example,
who has the most friends, who people follow the most or segmentation of users, on the
basis of their political affiliation [63,64]; and (2) social media analysis, the goal of social
media analysis is to monitor, analyze, and represent data from social media that offer useful
information on patterns of behavior [65]. For example extracting human feelings through
the unstructured text—sentiment analysis [66], or analyzing what people write in relation
to a particular event (whether tweets contain information, opinion, or action-related content
about the event) [67]. When analyzing data from social media, we can focus on analyzing
the structure of users of a platform using social network analysis (e.g., how highly a person
is connected within a network), or on analyzing the content of the communication using
social media analysis (e.g., user opinions and moods).

Social media analysis thus helps us to gain deeper insights into social, cultural, and
environmental issues [50]. Data from the social network Twitter have shown to be a
suitable source of knowledge about food-related consumer behaviors [68–70]. These data
can provide scientists with a vast amount of information on individuals’ opinions, moods,
activities [71], and experiences [72].

2. Materials and Methods

The data analysis was based on the Knowledge Discovery in Databases process [73],
and was modified to the requirements of social media data analysis with a focus on hashtags
(see Figure 1). The hashtag is a specific part of the message text that begins with a “#”
character. In social media, the hashtag has two primary functions, firstly to filter posts,
where the algorithms of social networks display an archive of messages related to this
hashtag (topic) based on a specific hashtag [74]. The second function of hashtags is the
possibility to express experience, attitudes, opinions, and values via social media [6,7,75,76],
in areas that the user wants to emphasize on social networks. For example, emphasize
that the food I put on social media is vegan through the hashtag #vegan. This procedure
has already been used in research focusing on farmers’ markets [8], organic foods [9],
sustainability [77], gamification [78], and corporate social responsibility [79]. The data
analysis process consisted of five steps, as follows:

1. The Twitter API [80] was used to obtain messages (Tweets) from communications
on the social network Twitter. The data were recorded between 1 January 2019 and
31 December 2020. The software captured messages that used the hashtag #healthy-
food. During that period, 666,178 Tweets of 168,134 unique users were captured.
This dataset contains all messages that contained the hashtag #healhtyfood in the
monitored period, which users sent to the Twitter social network.

2. Content filtration: As our analysis only focused on hashtags, all words that were
not preceded by the hashtag symbol (“#”) were removed. This led to a dataset that
consisted purely of hashtags (i.e., words beginning with the symbol #).

3. Content transformation: Subsequently, all letters were transformed into lower-case let-
ters to prevent potential duplicates (e.g., the software might consider #Vegan, #vegan,
and #VEGAN as three different hashtags). A further correction was made to break
up strings of connected hashtags, e.g., “#vegan#organic” was converted to “#vegan;
#organic”. The dataset was imported into Gephi 0.9.2, where a hashtag network was
created based on hashtag interdependence (see Figure 2). Gephi is an open-source
leading visualization and exploration software for graphs and networks [81]. To use
social network analysis methods, it was necessary to create a network of hashtags
based on the rule: Nodes = Hashtags and Edges = their representation in one report.
For example—Message: “I love homemade cooking #healthyfood #homemade #cook-
ing” 3 Nodes (#healthyfood, #homemade and #cooking) are inserted into the graph
and edges are created between these hashtags (because they are all in one message)—
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see Figure 2. If the following message contains the text: “These cookies are wonderful,
if you want, I can share my #healthyfood #recipe to you”, the hashtag #recipe will be
inserted into the graph, which will be connected only with the hashtag #healthyfood,
which already in the chart exists from the last report. For the #healthyfood hashtag,
the frequency value changes from 1 to 2.

Figure 1. The data analysis process.

Figure 2. Transformation from the Twitter social network into a hashtag network.

1. Hashtag reduction: To detect communities is necessary to process a hashtag reduction
that removes micro-communities. A large number of micro-communities is caused
by an extensive number of hashtags that contain local hashtags, for example, farm-
ers’ markets in the Czech Republic—Prague Dejvice—#farmersmarketpraguedejvice
#applefromfarmersmarketpraguedejvice or hashtags created by the users themselves
#nameandsurname.

2. Data mining: The following methods were used to describe the network:

(a) Frequency: The frequency is a value that expresses the hashtag frequency
within a network.

(b) Eigenvector centrality: This is an extension of degree centrality, which mea-
sures the influence of hashtags in a network. The value is calculated based on
the premise that connections to hashtags with high values (hashtags with a
high degree of centrality) have a greater influence than links with hashtags
of similar or lower values. A high eigenvector centrality score means that a
hashtag is connected to many hashtags with a high value, and was calculated
as follows:

xv =
1
λ ∑

t∈M(v)
xt =

1
λ ∑

t∈G
av,txt (1)
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where M(v) denotes a set of adjacent nodes, and λ is a largest eigen value.
Eigenvector x can be expressed by Equation (2), as follows:

Ax = λx (2)

This value was used to identify important hashtags for community analysis
(see next step).

(c) Modularity and community analysis: The most complex networks contain
nodes that are mutually interconnected to a larger extent than they are con-
nected to the rest of the network. Groups of such nodes are called commu-
nities [82]. Modularity represents an index that identifies the cohesion of
communities within a given network [83]. The idea is to identify node commu-
nities that are mutually interconnected to a greater degree than other nodes.
Networks with high modularity show strong links between nodes inside mod-
ules but weaker links between nodes in different modules [84]. The component
analysis then identifies the number of different components (in the case of
community modularity) in the network based on the modularity detection
analysis [85], as follows:

∆Q =

[
∑in +2ki,in

2m
−
(

∑tot +ki
2m

)2
]
−
[

∑in
2m
−
(

∑tot
2m

)2
]

(3)

where ∑in is the sum of weighted links inside the community, ∑tot is the
sum of weighted links incident to hashtags in a community, ki is the sum of
weighted links incident to hashtag i, ki,in is the sum of weighted links going
from i to hashtags in a community, and m normalizing factor is the sum of
weighted links for the whole graph.

(d) Visualization of the network: The goal of network visualization is to iden-
tify individual communities and their mutually position. After importing
the data into the Gephi program, the visualization of the network is con-
centrated in the basic square without visualizing the different relationships
between individual hashtags. This visualization is unsatisfactory in terms
of identifying communities and their mutual positions, but does not affect
the analysis of hashtag-level and network-wide characteristics. In the field
of visualization, it is possible to use the ForceAtlas2 algorithm. ForceAtlas2
is an improved version of the ForceAtlas algorithm, which focuses on large
networks. This method is based on the visual representation of reduced sam-
ples to define network communities and their types [86]. The advantage over
ForceAtlas is its speed and ease of computing. The ideal number of hashtags is
10,000–100,000 [26].

3. Results and Discussion

First, a basic analysis was performed based on the frequency of occurrence of individ-
ual hashtags in 2019 and 2020 (Table 1).

The analysis of the top 15 hashtags revealed that the frequency of the use of all
hashtags except #recipe increased from 2019 to 2020 (see Table 1).

A basic analysis of the frequency of the use of individual hashtags in 2020 revealed
that the hashtag #healthylifestyle was the most used hashtag in connection with the hashtag
#healthyfood. According to Bektas et al. [87], healthy eating is one of the dimensions of a
healthy lifestyle, as is nutrition and physical activity. This hashtag (#nutrition) was also
very often used in conjunction with the hashtag #healthyfood in 2020 and was thus the
5th most used hashtag. A weight loss area has also been identified in connection with
healthy food—the #weightloss hashtag (8th place) and #diet (6th place). This area may
be associated with obesity. The study by Karami et al. (2018) [88] focused on analyzing
the characteristics of the general public’s opinions regarding understanding public health
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opinions on social media as expressed on Twitter, which showed a notable correlation
between diet and obesity was determined. As we mentioned in the introduction, obesity
is a worldwide problem [15–17], and there is an association between obesity and health
problems [21,22,27]. Weight loss is considered to be the cornerstone of treatment for obese
people [89,90]. Here it is important to draw attention to the perception of oneself on
social networks [91]. Thus, weight loss may not be associated with obesity but may be
connected with the need to get a figure in the underweight (by BMI) area [92]. For this
reason, it is advisable to analyze the area separately with a focus on the #weightloss area.
Other important hashtags used in connection with #healthyfood were #vegan (4th place)
and #vegetarian (15th place). This connection confirms many previous studies that have
identified health-related reasons as one of the main motivations for following both a vegan
diet [93–95] and a vegetarian diet [96,97]. Other categories of hashtags that were often used
in connection with the #healthyfood hashtag in 2020 were #recipe (7th place), #cooking
(9th place), and #homemade (10th place). The high frequency of these hashtags may be
related to the lifestyle changes caused by governmentally mandated lockdowns in 2020
that led to people being forced to cook a significant proportion of their food at home [98,99].
Many parents had to provide home-based meals for their children and, according to a
study by Phlippe et al. [100], many parents observed changes in diet; for example, boredom
led to increased consumption and emotional overeating. Laguna et al. [98] also identified
changes in food purchases during the 2020 lockdown, whereby consumers bought more
fruits and vegetables and fewer pastries and desserts for health reasons. This can be related
to the frequent use of the hashtag #recipe (8th place), as people often search for and share
recipes on the social networks [53]. The most common hashtags used in connection with
the hashtag #healthyfood were #vegan (4th place), #homemade (10th place), and #organic
(12th place).

Table 1. Hashtags published in connection with the hashtag #healthyfood in 2019 and 2020.

2019 2020

Abs Rel Abs Rel Difference

Healthylifestyle * 42,471 0.143 64,990 0.253 0.11
healthyliving 20,196 0.068 31,853 0.124 0.056

fitness 30,591 0.103 31,082 0.121 0.018
vegan 27,918 0.094 26,458 0.103 0.009

nutrition 22,572 0.076 25,431 0.099 0.023
diet 20,196 0.068 22,862 0.089 0.021

weightloss 15,444 0.052 20,293 0.079 0.027
recipe 25,839 0.087 18,495 0.072 −0.015

cooking 17,523 0.059 16,954 0.066 0.007
homemade 11,880 0.04 13,615 0.053 0.013

wellness 10,098 0.034 12,587 0.049 0.015
organic 11,880 0.04 12,073 0.047 0.007

motivation 8316 0.028 12,073 0.047 0.019
healthcare 9207 0.031 10,789 0.042 0.011
vegetarian 10,989 0.037 10,275 0.04 0.003

* Sorted by Abs values—2020.

3.1. Community Analysis

The community analysis extrapolated the following five communities: (1) Active
lifestyle, (2) Influencer, (3) Diets, (4) Recipes, and (5) Health problems (Table 2).
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Table 2. Communities extracted from the reduced network.

Number of
Communities * Size of Community Name of

Community Key Hashtags

4 39.60% Active lifestyle

#healthylifestyle,
#fitness,
#healthyliving,
#nutrition,
#weightloss,
#healthyeating,
#wellness, #lifestyle

0 34.81% Influencer

#foodporn, #delicious,
#yummy,
#foodblogger,
#homemade,
#foodlover, #cooking

3 16.74% Diets

#vegan, #organic,
#vegetarian,
#plantbased,
#glutenfree,
#sugarfree,
#wholefood,
#cleaneating

1 6.24% Recipes
#recipe, #recipes,
#recipeoftheday,
#recipeoftheweek

2 2.61% Health problems

#highbloodpressure,
#bloodpressure,
#hypertension,
#diabetes

* Linked to Figure 3.

The largest community was that focused on an “Active lifestyle”. This community
contained hashtags that were associated with areas such as healthy lifestyle, fitness, healthy
living, nutrition, healthy eating, wellness, and lifestyle. The second-largest community was
the “Influencer” community, in which people shared foods they considered healthy. This
community contained hashtags such as #foodporn, #delicious, #yummy, and #foodlover.
Hashtags focused on homemade, cooking, and food blogger are likely to be related to food
cooked and shared with other people via Twitter, and these users can be considered as
food bloggers (influencers). Influencer marketing is built on building trust between the
influencer and the follower, to whom the influencer then passes on their knowledge, expe-
rience, attitudes, opinions, and values via social media [4,7,75,76]. The smaller (16.74%)
third community was focused on “Diets”, which included areas such as vegan, organic,
vegetarian, plant-based, gluten-free, sugar-free, wholefood, and clean eating. The field of
organic food was separately analyzed in the previous research [9], which identified a high
connection in the communication of organic food with healthy food and vegan food. For
the whole diet community, it is necessary to draw attention to its high connection in the
active lifestyle, see Figure 3, which again leads to the question of the extent to which people
consider vegan a diet in terms of the absence of certain foods and to what extent vegan
in terms of lifestyle. The last, very small community (2.61%) is the community focused
on “Health problems”, which included areas such as high blood pressure, blood pressure,
hypertension, and diabetes. As already mentioned, healthy food affects health [35], includ-
ing the issues mentioned in this community, such as diabetes [101] and hypertension [102].
The frequent use of social media to address health problems has also been confirmed by
Korda and Itani [103].



Int. J. Environ. Res. Public Health 2021, 18, 3815 8 of 15

Visual Analysis

Visualization of the network (Figure 3) was performed to gain an insight into the
polarity of individual communities. The value of modularity was low (0.239), which means
that hashtags were interconnected both within communities and between communities. As
seen in Figure 2, the “Diets” community was more closely linked to the “Active lifestyle”
community than to the “Influencer” community. The community with a focus on “Recipes”
was relatively evenly distributed among all communities, except for the “Health problems”
community, which was relatively isolated from the other communities.

Figure 3. Community visualization on the Twitter social network in the area of healthy food.

In terms of food characteristics, the most commonly used hashtag in connection with
the hashtag #healthyfood was #vegan, which refers to the vegan diet. Vegans eat no animal
products, while vegetarians do not eat animals [104]. As mentioned in the theoretical
background, previous studies have shown that vegan and vegetarian diets are expanding
societal phenomena, particularly in Western developed countries [105,106]. Previous work
has shown that the number of consumers who lean toward vegan and vegetarian diets
continues to grow [107]; moreover, veganism has exhibited a greater increase in a shorter
time period [108]. According to one study [109], veganism is not only a diet, but also a
lifestyle; veganism can be considered as a broader involvement in cognitive and behavioral
aspects of social worlds. Following this, further studies should also directly focus an
analysis on the area of #healthylifestyle and #healthyliving. A comparison of the results
from healthy living and healthy lifestyle area would provide important information about
the relationship between healthy food and lifestyle. When comparing the time evolution of
hashtags in both studies, it could be defined by how lifestyle affects healthy eating.

It is thus a matter of opinion as to whether veganism is considered as a “diet”, which
is the position of Lemale [110] and Lederer [111], or as a lifestyle, as it has been described
by Costa [109].

3.2. Study Limitations

Finally, some limitations of our study deserve attention. First of all, like other social
media analyses, this study focuses only on one social network [8,9,68,77,78,112] and on
English keywords. Twitter is specific to a maximum message limit of 280 characters and
also focuses on text. Instagram, on the other hand, is limited to 2200 characters, which can
provide other information.

Second, this study did not deal with the geolocation of sending messages. In the
following studies, it would be appropriate to focus on the use of geolocation in the report to
obtain other important conclusions. This limitation results in the impossibility of verifying
the proportionality of the representation of individual regions in the data set.
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Third, the study analyzes the current situation and does not deal with predictions for
the future. In our future research, we will focus on using artificial intelligence to predict
trends in social network communication.

3.3. Future Research

The results of this study opened many important questions for further research
through both quantitative and qualitative methods.

The present research identified main values/characteristics, that Twitter users express
in the healthy food area through hashtags. In future research, it will be necessary to focus on
these identified areas: healthy lifestyle, vegan, vegetarian, plant-based, gluten-free, sugar-
free, wholefood, and clean eating. Since the healthy food issue is a very complex area, it
will be appropriate to focus research on both the analysis of individual areas separately and
the analysis of their interconnectedness. To broaden our understanding of the healthy food
area, it is also necessary for researchers to focus on other social networks, such as Instagram,
TikTok, Yandex, and Facebook. These results may be important for understanding the
common areas that connect the individual characteristics. These interfaces are important
for media communication and understanding of the common values of social network
users in the monitored area.

Like other studies [7,8,64,70,71,102], these results are analyzed from a global perspec-
tive. In the following research, it would be useful to find out whether regional differences
in food perception can be found, or whether differences can be found, for example, between
Europe and the US, or whether it is possible to create new regional segmentation, based
segmentation of users with the reverse assignment of location. In other words, as Khokhar
and Serajuddin (2015) [113] points out that categorization by developed and developing
countries, for example, is obsolete. Subsequent research could create a map of perceptions
of individual food characteristics across regions.

Another important area identified by this study is the connection between healthy
food and healthy lifestyle (the #healthylifestyle hashtag is the most widely used hashtag
in conjunction with #healthyfood). Based on this, further studies can focus on vegan,
vegetarian, or gluten-free areas and focus on understanding whether these areas are
considered by people to be “more healthy food”, such as [9], or it is a way of life that
is not only based on one’s own health, but also on the protection of nature and animals,
where people avoid the use of animals in any context, including food, clothing, sport,
and entertainment [114]. This understanding is important both in terms of marketing
communication of product manufacturers and in understanding these trends on social
networks in the field of healthy food.

A weight loss area has also been identified in connection with healthy food, which
may or may not be associated with obesity. Here it is important to draw attention to the
perception of oneself on social networks [115]. Thus, weight loss may not be associated
with obesity but may be connected with the need to get a figure in the underweight (by
BMI) area [91]. For this reason, it is advisable to analyze the area separately with a focus
on the #weightloss area.

4. Conclusions

Consumer behavior is a dynamic system, whereby consumers interact with producers,
farmers, traders, retailers, industries, governments, and a series of other actors [92], and
must, therefore, be monitored in terms of understanding people’s perceptions and identi-
fying the current situation. Social media, which is used by more people every year, has
substantial research potential for basic quantitative analyses, which can be followed up by
qualitative research. The present study identified new research questions and fundamental
information that could be used as a basis for the following analysis in the field of Public
Health and Policy.

We found that the #healthylifestyle and #healthyliving hashtags were the most com-
monly used hashtags in conjunction with the #healthyfood hashtag. This is an important
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finding that identifies that people on social networks connect food with lifestyle, which is
not just about nutrition, but about the way a person lives.

The “Influencer” community, with a focus on influencer marketing, was the second-
largest community in the present study. Influencer marketing has a large impact on
customer behavior [116]. Influencer marketing is built on building trust between the
influencer and the follower, to whom the influencer passes on their knowledge, experience,
attitudes, opinions, and values via social media [4,7,75,76]. As this was identified as the
second-largest community, people interested in the area of healthy food may be strongly
influenced by influencers.

Based on the analysis of the social network Twitter, with a focus on healthy food
through the hashtag #healthyfood, the three basic characteristics of food that were most
communicated in 2020 were vegan, homemade, and organic. This is an important finding
because it indicates how social network users perceive healthy food. These results confirm
previous research [117–119] that has reported that people perceive vegan food, organic
food, and homemade food as the healthiest types of food. Another important finding is the
identification of a t difference in the use of the vegan hashtag (4th place), which expresses
the rejection of the use of animal products, and vegetarian (15th place), which expresses
only the rejection of eating animals [104].

Another characteristic associated with healthy food was organic. This is a continuously
growing trend, which confirms previous studies [120,121]. According to an analysis of
the social network Instagram [9], #organicfood is most often associated with the hashtag
#organic and, subsequently, with the hashtag #healthyfood. Organic is an important
characteristic of food that users communicate on social networks.

To summarize, we found that users most commonly associate healthy food with
a healthy lifestyle, fitness, nutrition and diet. Foods associated with this hashtag were
vegan, homemade, and organic. The community analysis extrapolated the following five
communities: (1) Active lifestyle, (2) Influencer, (3) Diets, (4) Recipes, and (5) Health
problems. Based on these results, it is possible to identify lifestyle as an important element
in the field of healthy eating. In the following studies, it is necessary to focus separately on
individual topics that have been identified as the most commonly associated with healthy
food and to make a comparison within other social networks like Facebook, Instagram,
and TikTok.
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