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Abstract

Unprecedented lockdowns at the start of the COVID-19 pan-
demic have drastically changed the routines of millions of
people, potentially impacting important health-related behav-
iors. In this study, we use YouTube videos embedded in
tweets about diet, exercise and fitness posted before and dur-
ing COVID-19 to investigate the influence of the pandemic
lockdowns on diet and nutrition. In particular, we examine the
nutritional profile of the foods mentioned in the transcript, de-
scription and title of each video in terms of six macronutrients
(protein, energy, fat, sodium, sugar, and saturated fat). These
macronutrient values were further linked to demographics to
assess if there are specific effects on those potentially hav-
ing insufficient access to healthy sources of food. Interrupted
time series analysis revealed a considerable shift in the ag-
gregated macronutrient scores before and during COVID-19.
In particular, whereas areas with lower incomes showed de-
crease in energy, fat, and saturated fat, those with higher per-
centage of African Americans showed an elevation in sodium.
Word2Vec word similarities and odds ratio analysis suggested
a shift from popular diets and lifestyle bloggers before the
lockdowns to the interest in a variety of healthy foods, com-
munal sharing of quick and easy recipes, as well as a new em-
phasis on comfort foods. To the best of our knowledge, this
work is novel in terms of linking attention signals in tweets,
content of videos, their nutrients profile, and aggregate de-
mographics of the users. The insights made possible by this
combination of resources are important for monitoring the
secondary health effects of social distancing, and informing
social programs designed to alleviate these effects.

Introduction
During the outbreak of COVID-19 pandemic, global social
distancing restrictions forced millions of people to stay at
home. As daily activities and dietary habits changed, sur-
veys show that cooking at home, and physical inactivity
alongside the imposed seclusion has increased (Bennett et al.
2021). However, surveys disagree whether the consumption
of snack foods and alcohol has gone up or down, and it is
possible that different subpopulations may be responsible
for either shift. In this context, social media played a key
role in connecting with others online, sharing information,
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and discussing experiences. One of the most common ways
of making such posts in this context is to include URLs from
other platforms, such as YouTube, which hosts videos about
recipes, exercise routines and videos around diet and health.
We ask, then, what shifts in dietary preferences around the
COVID-19 lockdowns are evident in the online content shar-
ing? Existing studies (Abbar, Mejova, and Weber 2015;
Fried et al. 2014; Mejova et al. 2015) have considered differ-
ent features of language posted online when sharing about
foods to characterize dietary choices and nutrition. We ex-
tend this literature by considering fine-grained nutrition in-
formation at a macronutrient level to track the change in
diet behaviors of various subpopulations during the onset of
COVID-19 restrictive measures.

We contribute a dataset of tweets about diet, nutrition and
fitness shared publicly before (between June 19, 2019 to
March 15, 2020) and during (March 16, 2020 to June 24,
2020) COVID-19 pandemic that contain YouTube URLs.
Using the content of the videos and the context of the tweets
in which they were shared, we investigate the dietary pref-
erence shifts in this specific time period. Further, we fo-
cus on populations likely to have worse access to healthy
and affordable food, including those living in lower income
locations or being a vulnerable minority. In particular, we
consider the following macronutrients: protein, fat, sugar,
sodium, energy, and saturated fat from the metadata of the
videos whose URLs were embedded in the tweets. We then
explore the shifts in the context around food-related content
in order to reveal a shift in focus, especially around (1) diet-
ing and (2) comfort foods.

Specifically, we provide insight about the following re-
search questions:
• Has the macronutrient quality of mentioned food improve

overall, and especially for disadvantaged demographic
groups? Our investigation revealed that there is a small
but significant shift in energy, fat, saturated fat, and sugar,
all in the negative direction, suggesting an overall shift in
focus to healthier foods. On the other hand, we found an
increase in sodium-laden foods in counties with higher
African American population, but a decrease in energy,
fat, and saturated fat in counties with lower household
income.

• Has the interest in dieting increased during the pan-
demic? Using shifts in embeddings of food-related words
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in videos we found “healthy life” to be increasingly as-
sociated with “veganfood” and “fullyraw”, shifting away
from celebrity-driven wellness content. However men-
tions of unhealthy food restriction became more promi-
nent with “emotional” and “binge” association with
“mindful” keyword.

• Has the mentioning of comfort foods increased during
the pandemic? Unlike in videos, the context provided
in the tweets includes both mentions of diet restrictions
like “glutenfree”, but also includes comfort food such
as “waffles”, “treat”, and “dough”, and especially to-
wards breakfast foods in the lower-income areas. Thus
the salient foods emphasized in the tweets include both
shifts toward dieting and comfort foods, albeit in dif-
ferent populations. Finally, the expected shifts toward
homecooking were also observed.

In this work, we illustrate the richness of content the mul-
timedia links shared on Twitter may provide in order to both
quantitatively and qualitatively examine population health-
related behaviors around the unprecedented events of the
first COVID-19 lockdowns.

Background and Related Work
Food Consumption during Disasters There are existing
studies on how stress can affect the brain’s response to
high calories food cues and predispose to obesogenic eating
habits (Fowles et al. 2012; Michels et al. 2012; Tryon et al.
2013). Given the focus of this research on the influence of
a pandemic, we aim to consider literature surrounding food
consumption during disasters. It has been shown that eating
behaviors change under acute life stressors, such as war and
natural disasters (Ho, Paultre, and Mosca 2002; McIntosh
et al. 1980). Research shows that people change their eating
habits by either reducing the number of meals eaten or go
whole days without eating; or rely on less preferred and less
expensive food (Israel and Briones 2012; McKenzie, Schar-
grodsky et al. 2005). Especially during the strict lockdowns
and social distancing guidelines, existing literature states
that there is a slight increased physical activity with a higher
adherence to healthy diets (Christofaro et al. 2021; Di Renzo
et al. 2020; Teixeira et al. 2021). A study conducted during
the initial stage of COVID-19 lockdown in China showed
that staying at home or working from home was associated
with an increase in animal products, vegetable, fruit, mush-
room, nut, water and snack intake (Yang et al. 2021). Con-
tradicting these studies, a survey conducted by (Esobi, La-
sode, and Barriguete 2020) showed that limited access to
food due to restricted store hours and inventory shortages
led to an increased intake of fast foods and packaged foods.
Also, the same study highlights an increased consumption of
fruits and vegetables that has been attributed to an increase
in antioxidant status resulting in weight loss and increased
resistance to the disease (Mattioli et al. 2020). Relating to
this existing literature, our proposed work not just focuses
on the trends of food types or categories during COVID-19
but also on potentially disadvantaged demographics by us-
ing a large-scale dataset. This is especially urgent, since re-
cent study in Columbus, Ohio (Kar et al. 2021) found that a

higher percentage of low-income customers was associated
with lower store visits during the lockdown period, and that
stores with a higher percentage of white customers declined
the least and recovered faster during the reopening phase.
Here, we focus both on income-based and racial areas when
examining changes in food content sharing.

Studying Food Consumption on Internet Web and so-
cial media platforms have been actively used to study health-
related behaviors around nutrition and other food-related
patterns (Abbar, Mejova, and Weber 2015; Fried et al. 2014;
Mejova et al. 2015; Vydiswaran et al. 2020). Twitter has
been used to study diverse questions including: 1) neighbor-
hood food environment (Nguyen et al. 2017), 2) relationship
between obesity rates and geo-coded Twitter posts related
to food intake (Gore, Diallo, and Padilla 2015), 3) contexts
of food choices (Vidal et al. 2015), 4) topics posted and dis-
cussed related to diet, diabetes, exercise and obesity (Karami
et al. 2018), etc. Despite the many biases of self-expression
on social media, foods mentioned online have been shown
to correspond to offline health statistics (Min et al. 2019),
pointing to its usefulness in now-casting health-related be-
haviors. Twitter has also been used as surveillance for indi-
viduals who track their food intake to examine the relation-
ship between dietary and behavioral factors (Hingle et al.
2013). Researchers also looked at other platforms such as
Instagram to characterize poor access to healthy and afford-
able food as well as perceptions and tracking about the char-
acteristics of food (Chung et al. 2017; Ofli et al. 2017). In
particular, those living in “food deserts” post foods higher in
fat, sugar and cholesterol by 5-17% over those in similar, but
non-“desert” locales (De Choudhury, Sharma, and Kiciman
2016). Furthermore, there is a small set of literature focus-
ing on algorithmic nutritional estimation to judge whether
a recipe is healthy using various cues associated with the
data (Lee et al. 2019; Rokicki, Trattner, and Herder 2018).
For example, Trattner and Elsweiler (2017) use 7 macronu-
trients (6 we also consider, plus fiber) to estimate healthi-
ness of recipes from Allrecipes.com. However, much of this
existing literature focuses on using the post-related content
such as text or images to evaluate healthiness of foods or
their authors. Our proposed work instead utilizes rich meta-
data around the media cited in the tweets including tran-
script, description, title, etc., to compute macronutrient esti-
mation. Moreover, our proposed work evaluates the seman-
tic and syntactic changes of word associations by represent-
ing both the video content as well as tweet content separately
in an embedding space.

Sharing YouTube URLs on Twitter Twitter is particu-
larly known for sharing and consuming news (Kwak et al.
2010; Morgan, Lampe, and Shafiq 2013) and topics around
politics, product reviews, food reviews, customer experi-
ences, etc (Manikonda, Meduri, and Kambhampati 2016).
Studies (Abisheva et al. 2014; Christodoulou, George and
Georgiou, Chryssis and Pallis, George 2012) have shown
that Twitter helps diffuse YouTube content via embed-
ded links help them gain viewership. Recently, a study of
YouTube links shared on Twitter has shown that such cross-
platform posting was affected by the lockdown measures in
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countries around the world, and that it negatively correlates
with mobility (Mejova and Kourtellis 2021). Complement-
ing the existing work, our proposed approach evaluates the
influence of COVID-19 on shifts in macronutrient values
and food-related vocabulary usage using not just tweet con-
tent but also video content.

Data Collection and Preprocessing
We begin by querying the Twitter Streaming API for
“youtube” and “youtu.be” to collect tweets sharing YouTube
videos. We then compile a set of keywords related to diet and
nutrition and use them to filter the captured tweets1. We have
collected 249,051 such tweets from June 19th 2019 to June
24th 2020. The main reason to consider this time period is
to take into consideration the period before COVID-19 was
officially declared as a pandemic and during the first lock-
downs of the pandemic. There is a total of 112,936 unique
urls extracted from these tweets. Using a python library py-
tube, we extracted the metadata elements of each YouTube
URL including title, description, author, length and rating
(computed using the ratio of likes and dislikes and scaling
that value to lie between 0 and 5, with 0 being low and 5 be-
ing high). Additionally, for each YouTube URL we extracted
the available transcript in the “English” language. After ex-
tracting the metadata of each YouTube URL, we have a total
of 40,098 URLs that have all their titles, descriptions and
transcripts downloaded.

Demographics Data We use the county-level census data
that was made available publicly by the County Health
Rankings & Roadmaps (https://www.countyhealthrankings.
org/), from the University of Wisconsin Population Health
Institute. Since the Twitter data we utilize in this paper is
from 2019 to 2020, we use the county health ranking data
from 2019. We use the FIPS (Federal Information Process-
ing Standards) code of the counties to map the demographics
to the tweet location.

Methods
We begin by processing the URLs shared in the tweets to
identify whether they are related to nutrition or dietetics (see
Figure 1). Metadata for these relevant URLs are extracted
and used to infer the values of macronutrients. Specifically,
we consider Protein, Fat, Sugar, Sodium, Energy, and Sat-
urated Fat as the main set of nutrients for this research (all
measured in grams, except sodium, which is measured in
milligrams). For each URL of the YouTube video, we have
the estimated nutrients as well as the related metadata which
includes title of the video, views, rating, description of the
video, and video transcript. We then consider the Twitter
profiles of users who shared the video URLs in our database
and link them with the demographics data.

Processing Diet-related URLs and Extracting
Video Metadata
We extract the video metadata using pytube (https://pypi.
org/project/pytube/) library. For each URL, we download

1for a full list see https://tinyurl.com/dietkeys

Figure 1: Diagram representing the data processing pipeline.
An example title of a video is shown, with detected foods
highlighted and nutrients listed.

their corresponding title, description, author, length and rat-
ing, and video transcript (only in english language, due to
library limitation). After this step, we have a total of 97,314
URLs with a downloaded title, 94,037 URLs with a down-
loaded description, and 54,631 URLs with a downloaded
transcript. All these three metadata elements are used in esti-
mating nutrients for further analysis described in this paper.

Identifying Food-related Videos through
Classification
Upon manual examination, we find that not all videos are
about food, but some general wellness and completely un-
related videos passed the filter. We use a two-step process
to refine the relevance of the videos. First we use a lexicon
dictionary [anonymized] to find if a given video has at least
one food ingredient present in any of their metadata fields,
resulting in 40,098 URLs. Second, we perform classification
using the trained model on manually labelled videos. We
then randomly select 300 videos and manually label them as
a food or non-food category. The annotation was performed
mostly by one author with discussion over unclear cases
amongst all authors. An annotator agreement exercise over
30 videos resulted in 2 disagreements, or a Cohen’s Kappa
of 0.88. The guidelines outlined the definition of video being
“food-related” when the main topic of the video is a recipe or
a particular ingredient. For example, a video on the physical
mechanics of ketosis during keto diet is labeled as not food-
related, even if it mentions food, whereas a keto-friendly
recipe is labeled as food-related. We use this as training data
by first extracting the BERT sentence embeddings for each
video using their metadata (combining title, description and
transcript). We train three different classifiers – 1) Random
Forests, 2) Gradient Boosting, and 3) Multi-layer Perceptron
(all three using the sklearn library of Python). Evaluating the
models using ROC AUC on 5-fold cross validation, we find
that Random Forests classifier generates most accurate re-
sults with AUC = 0.97 (average F1-score = 0.81, precision =
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0.75 and recall = 0.88). We then use the trained classifier to
label the remaining URLs to obtain the final class labels, re-
sulting in 20,455 videos (51% of filtered set) are about food.

Estimating Nutrients from the Video Metadata
We leverage a lexicon that combines basic ingredients and
dishes that contains 21,162 entries alongside their nutritional
value to annotate the retrieved videos compiled from previ-
ous public health nutrition research (Salvador et al. 2017;
Alajajian et al. 2017) (using title, description and transcript
text). We extract the unique set of keywords as the corre-
sponding vocabulary from the metadata elements while pre-
serving the order in which these keywords are originally
mentioned. We then manually remove ingredients which are
likely to be mentioned not as nutrients such as ‘water’ (for
example, “body water”), ‘fat’ (“body fat”, though we under-
stand that there are recipes where it is suggested to use fat
explicitly such as bacon fat), ‘essential oil’, etc. Finally, we
compute the average nutritional value over all detected foods
in a video to summarize its nutritional profile. We manu-
ally verified this process by randomly sampling 30 differ-
ent videos and extracting food-related vocabulary (ground
truth). We compute the precision and recall values for each
video as the percentage of keywords that were automatically
extracted that matches with the manually extracted key-
words and the percentage of keywords from manually ex-
tracted vocabulary matches with the automatically extracted
keywords, respectively. This estimation provided an average
scores of 0.93 and 0.94 for precision and recall values re-
spectively, showing a reasonable performance.

Geolocation
In order to associate the tweets with locations, we use the
location field in the posting user’s profile. Employing an
approach from previous literature (Mejova and Kourtellis
2021), we map the location fields to the Geonames geo-
graphical database2, and select only those within the United
States, which could be mapped to a county. To make sure
most of the matches are correct, we manually examine the
1000 most frequently matched locations and remove spuri-
ous ones (for instance “home” or “In Heaven”). Out of the
tweets having macronutrient information, we are able to ge-
olocate 10,781 tweets.

Change in Nutritional Values
To understand whether the nutritional content of the foods
mentioned by the social media users changes after the on-
set of COVID-19, we employ Interrupted Time Series anal-
ysis (ITS) (Bernal, Cummins, and Gasparrini 2017), which
aims to estimate the effect of an intervention which has a
well-defined starting time. We choose this model in order
to focus on the change in the average each nutrition value
found in the two time periods of the data. Specifically, we
examine the 7-day average of each of the six nutritional val-
ues detected above, in order to gauge the extent of the be-
havior change, and as the intervention we take March 15,
2020, as when state-wide lockdown measures started to take

2https://www.geonames.org/

place3. We employ Ordinary Least Squares (OLS) regres-
sion to model the nutrient time series using two variables: P
signifying time passage in days and Xt, an indicator signi-
fying the beginning of the intervention period (in our case,
it is 1 after March 15, 2020). For example, modeling change
in the protein value of the posted foods after the onset of
COVID-19, we use the following equation:

yt = β0 + β1P + β2Xt + β3PXt

where:

• yt is the smoothed protein value at the time t
• β0 is the baseline value at the beginning of the time series
• β1 is the baseline change in value over time before the

COVID-19 date
• β2 is the change in value at the COVID-19 date
• β3 is the trend (slope) change following the COVID-19

date

In this paper, we focus specifically on the β2, the change
in posting behavior around the beginning of the lockdowns.
We also consider the p-value of the coefficient, considering
p < 0.01 as a statistically significant result. As a baseline,
we compare the p-values obtained in this excise to mod-
els run on a selection of 100 randomly chosen “treatment”
dates in the period before the pandemic, while allowing for
90 days of data for before and after sub-periods. In par-
ticular, we compare how often changes of significance ob-
served during the onset of COVID-19 happen before, intu-
itively providing a measure of how often significant changes
in nutrition value happen in a “normal” setting. We consider
the result to “pass” this baseline, if no shift was observed in
these 100 trial with the same or greater significance. We also
check the data for seasonality by plotting the autocorrelation
function, and for stationarity using the Dickey-Fuller test,
finding the time series of all nutrients stationary at p < 0.05.

Change in Content
Although the nutritional values of the content provides a
valuable insight into the overall nutritional trends of the
dataset, we continue the analysis by considering the textual
content of the tweets and the videos they link to in order
to understand the qualitative changes in people’s diets and
their self-expression around this topic. We consider both the
textual content around the video (title, description, and tran-
script), and the text of the tweet referring to the video, as rep-
resentations of the content and context of the food sharing
experience. For both sources of text, we begin by tokenizing,
lower-casing, and removing non-word characters, as well as
English language stopwords. We also remove mentions of
other users, URLs, and the hashtag sign (but not the hash-
tag itself, as it often carries important information). Using
this cleaned version of the text, we de-duplicate the data (ef-
fectively finding near-duplicates), thus preventing very pop-
ular content from taking over the frequency computations.
De-duplication was done on the “cleaned” text, thus making

3https://www.pbs.org/newshour/politics/most-states-have-
issued-stay-at-home-orders-but-enforcement-varies-widely

605



sure that small differences in formatting, addition of URLs,
and stopwords did not constitute a new document. Finally,
we consider the tweets and videos shared before and during
COVID-19 pandemic periods (March 15, 2020) as two dis-
tributions of words that can be compared. For this compar-
ison, we use two approaches. One is Odds Ratio that com-
pares the relative frequencies of words, which is 1 if there
is no difference in a word use before and during COVID-19,
less than 1 if it is used less, and more than 1 if it used more.
Second is the cosine similarity of Word2Vec (Mikolov et al.
2013) embeddings of words related to ‘food’, providing both
the semantic and syntactic characteristics of words (Devlin
et al. 2018; Řehřek, Sojka et al. 2011). Please note that
we are not looking for how a specific term or vocabulary
evolved over time (and there is a plethora of work (Ken-
ter et al. 2015; Liu, Medlar, and Glowacka 2021) which is
supported by using statistical significance tests in terms of
measuring whether the evolution of a word temporally is
meaningful and significant). The goal is to mainly examine
the significant differences between how words were associ-
ated with each other both semantically and syntactically in a
qualitative manner.

Results
Data Description
As stated earlier, we first crawl Twitter to download ap-
propriate tweets that have an embedded YouTube URL and
are related to diet, nutrition and health. After cleaning the
data over several steps of pre-processing, we finally ob-
tain a total of 20,455 videos that are focused explicitly on
food recipes. When we connect the URLs of these videos
back to tweets, we found that on an average tweets (across
the entire distribution, min=3004; avg=6823; max=9273)
with food-related video urls were relatively similar in terms
of volume before COVID-19 (avgBefore=6721.5) and dur-
ing COVID-19 (avgDuring=5371.0) with a p-value of 0.316
which means that even though means are slightly different,
this difference is not statistically significant. However, the
maximum number of tweets about food were posted in De-
cember 2019 before COVID-19 and in May 2020 during
COVID-19. This may suggest that posting URLs embedded
in tweets is a common practice and extending research to
leverage such content will be valuable to investigate not only
user behaviors but also their health and well-being.

We assess the suitability and reliability of the dataset to
our further analyses by extracting top n-grams based on their
frequency in the corpus. The top 10 uni, bi, and tri– grams
(with stopwords removed) are shown in Table 1. Indeed, the
videos are focused on health and specifically diet. In a few
instances, these videos are emphasizing on the type of diet
such as “keto” or “vegan” as well as the health-related condi-
tions such as “type 2 diabetes” or “weight loss”. In other in-
stances, phrases such as “let know comments”, “thank much
watching” primarily the speaker of the video engaging with
their audience which is expected.

Examining the most shared videos in either of the time
periods, we find that these often come from online influ-
encers and actors. In the period before the pandemic, the

uni-grams bi-grams tri-grams
get little bit 1 2 cup
make make sure apple cider vinegar
right weight loss 1 4 cup
good really good plant based diet
little plant based want make sure
vegan low carb 1 2 tsp
people keto diet thank much watching
diet olive oil type 2 diabetes
food lose weight low carb diet
eat let know let know comments
keto gluten free low carb keto

Table 1: Top-10 n-grams where, n ∈ {1,2, 3} extracted from
metadata of videos

most shared video is actually not around health per se, but
is a challenge on gaining weight by eating. It is followed by
informational videos around veganism and the dairy indus-
try. Only one out of the top 5 of pre-pandemic viral videos
contains actual recipes, as a part of a video log of “what I
eat in a day”. The top videos during pandemic are instead
more focused on recipes, topping with a “fat bomb” (keto-
friendly), a beef bowl, and a nutritional supplement. These
came both from professional chefs, and from internet per-
sonalities not showing any training in nutrition. Thus, in the
most viral videos, we find a shift toward instructional con-
tent, and away from general and personal information.

Macronutrients

In order to monitor the change in macronutrient content of
the food mentioned in these videos, we create a time series
for each and apply Interrupted Time Series (ITS) analysis.
Figure 2 shows the daily macronutrient values, the 7 day
aggregates, and the ITS model. In the upper left, the text
shows the β coefficient associated with the change in the
macronutrient value at the COVID-19 date, along with the
associated p value. We find that energy, fat, and saturated
fat significantly decrease during the COVID-19 period, as
well as sugar, which then increases over time (that is, β3 is
significantly positive at p < 0.001). Instead, sodium shows
an overall downward trend during the COVID-19 period
(though note that this observation is sensitive to the dura-
tion of this period). We find all results, except one for sugar,
are uniquely significant when comparing to changes in nu-
trient scores during 100 randomly chosen breakpoints be-
fore COVID-19: that is, the p-values are smaller than for
any change that occurred before COVID-19 period. Note,
however, that the change in sugar is still significant, but such
significant changes were also likely to occur before COVID-
19. Although significant, these changes are mostly small in
aggregate, such as the change in energy of 10 calories, or
1 gram of fat. We also note that the variability of the nutri-
tional values increases during the lockdowns, compared to
the previous period.
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Figure 2: Daily average nutrient value, 7 day average, and
Interrupted Time Series model. In upper left, text shows the
beta for lockdown variable (*** p < 0.0001, * p < 0.01).

Macronutrients & Demographics
Analysis in Figure 2 is computed over all users in our
dataset, it is possible the effects may be different in sub-
sets of the population. Thus, we consider six demographic
variables related to food access: income, education, percent
African American, percent Hispanic residents, percent expe-
riencing food insecurity, and percent having limited access
to healthy food (Economic Research Service. US Depart-
ment of Agriculture 2020). In particular, we focus on the
users that come from areas (identified at the level of a U.S.
county) that are below or above the median (above, first two
below and the last four above), for instance those coming
from counties in with below median household income, or
above median Hispanic residents. We then perform the ITS
analysis on the selected users and examine the changes in
macronutrient values of the videos shared before and dur-
ing the pandemic. We apply Bonferroni correction for mul-
tiple comparison to the p-values of the COVID-19 coeffi-
cient. Additionally, we compare the resulting p-values to a
random date baseline. Table 2 shows the significant changes
in macronutrients for subsets of users (p-values passing ran-
dom date test are accompanied by *).

We find that the levels of sodium goes up for both those
living in areas with fewer college educated residents, and in
places with more African American residents (though such
swings were possible before the lockdowns). It is known
that African American communities in general are consum-

Demographic Nutrient bcovid pcovid

↓ perc. some college Sodium 384 3.9e-4
↑ perc. African American Sodium 347 1.6e-5
↓ median househ. income Sat. Fat -1.07 *4.4e-9
↑ perc. African American Sugar -1.11 2.9e-3
↑ perc. Hispanic Sugar -1.89 *2.6e-8
↓ median househ. income Fat -2.26 *4.8e-9
↓ median househ. income Energy -18.27 *2.7e-6

Table 2: Significant changes in macronutrient value of post-
ing in subsets of users: ↓ below median, ↑ above median. P
values passing random date test are accompanied by *.

ing more salt than the rest of the American society (James
2004), and as African Americans were 30% more likely to
die from heart disease than non-Hispanic whites (US De-
partment of Health and Human Services 2021), an increase
in its consumption may have serious negative health conse-
quences. The levels of energy (calories), fat, and saturated
fat goes down for those in areas with lower household in-
comes. Surveys have found that during lockdowns people
have turned to home cooking (Bennett et al. 2021), how-
ever it is not clear whether it corresponded to a reduction in
caloric consumption. This finding may point to an interest
in foods lower in fat as an attempt to better health manage-
ment. In similar vein, the levels of sugar go down for areas
higher in African American and Hispanic residents.

Interest Shift in Food during COVID-19 Using
Video Content
We further examine whether the keywords mentioned in the
videos have different co-occurring patterns that changed due
to COVID-19 by leveraging Word2Vec embeddings. In par-
ticular, we focus on the mentions of health-related words
around diet and comfort foods. Table 3 lists the top-10 key-
words that have the highest cosine similarity with the key-
word “food” and their corresponding word associations be-
fore and during the pandemic.

Some of the key observations made from Table 3 are:

• When we examine the associations with the keyword
“restaurants”, words such as “buffet” have been replaced
with “takeout”. This is logical as to follow proper social
distancing protocols, restaurants were allowed to have
only takeout as an option.

• Considering keyword “meat”, the table highlights the as-
sociations such as “pasture”, “beyond”, “chickens”, etc.
Studies (Karsten et al. 2010) show that pasture-raised
hens produce healthier eggs that contain higher levels of
Omega-3 fat, vitamins D and E, and betacarotene. On the
other hand, Beyond meat is a producer of plant-based
meat substitutes. These word associations may suggest
that individuals may have shifted interest to healthier
meat/poultry during COVID-19.

• When we consider the term “vegetables” the word asso-
ciations are mostly similar before and during COVID-19
except healthier vegetables such as “beets” and “kale”.

607



Before COVID-19 Keyword During COVID-19

locations, supermarkets, cafes, places, options, menu, buf-
fet, hotels, menus, convenience

restaurants takeout, cafes, supermarkets, places, hotels, menus, ja-
maica, ocho, asian, japan

poultry, vegetables, hamburger, flesh, fish, animal, picky,
dairy, seafood, beef

meat pasture, beyond, poultry, eaters, beef, eater, seafood,
chickens, animal, dairy

salads, veggies, starchy, carrots, greens, cruciferous,
steamed, asparagus, leafy, fruits

vegetables beets, greens, fruits, kale, starchy, cruciferous, salads, car-
rots, leafy, veggies

tasty, satisfying, nutritionally, nourishing, satiating,
wholesome, healthy, versatile, healthful, delicious

nutritious packed, balanced, comforting, nourishing, satisfying,
tasty, hearty, versatile, convenient, wholesome

wellness, foodist, link, delights, maestro, markus, zeroing,
virta, foodists, sharree

thehealthylife instafood, veganfood, fullyraw, easyveganrecipes, paleo-
hack, foodist, govegan, delights, hotforfood, bish

overeating, unnecessary, fattening, processed, junk, re-
strictive, avoiding, unnatural, avoided, inherently

unhealthy crave, consuming, moderation, restrictive, nutritionally,
likely, processed, foodstuffs, overeat, avoiding

mangoes, fruits, tropical, fresh, seedless, melons, spe-
cialty, citrus, winter, harvested

seasonal pomegranates, citrus, pears, cruciferous, turnips, exotic,
figs, frugivores, beware, tropical

unhealthy, cautious, restrict, focusing, regularly, mini-
mize, intuitive, limiting, intuitively, restricting

mindful disorder, intuitive, knowing, regardless, emotionally,
habits, intuitively, binge, emotional, focusing

local, supermarket, thrift, specialty, restaurants, stores,
shops, supermarkets, shelves, grocery

convenience supermarket, specialty, shopping, shops, items, bulk,
stores, grocery, available, supermarkets

influencers, transitioning, veganism, youtubers, activism,
trends, interviews, events, tutorials, transitioned

challenges relationships, education, opportunities, overcome,
trends, experiences, awareness, events, aspects, programs

Table 3: Word associations obtained through Word2Vec embeddings built using the metadata attached with the videos for
example, title, description, and transcript; the bold italicized keywords during COVID-19 emphasize the shift of vocabulary
and their relevancy to the pandemic.

• We purposefully didn’t perform stemming on the words
because we want to see if there are terms that high-
light their tense. It is interesting to see word associa-
tions with “nutritious” during COVID-19 such as “com-
forting”, “hearty”, and “convenient”. These associations
may be due the increased need of emotional calming due
to the increased anxiety during that period.

• When considering associations with “thehealthylife”, we
find many more diet-related keywords during COVID-
19, including “easyveganrecipes”, “paleohack”, “gove-
gan” instead of influencer-centric keywords before, such
as “foodist”, “link”, and “sharree”, further pointing to an
increased demand for diet-related content. It is also pos-
sible that the lockdowns affected the ability of influencers
to produce new content.

• Considering “seasonal” keywords, the pre-COVID pe-
riod mentioned “mangoes”, “melons” and “citrus” (rich
in vitamin A, fiber, vitamin C respectively), during
COVID-19 we find a greater variety of fruits and vegeta-
bles, including “pomegranates”, “turnips”, “pears”, and
“figs” (antioxidant, anti-inflammatory and vitamin C rich
foods). This may suggest that there is a high interest in
learning about different fruits and vegetables and possi-
bly consuming foods that can boost immunity.

• The word associations for the term “mindful” calls atten-
tion to be mindful of not just minimize, limit, restrict or
be cautious of unhealthy foods, but also be mindful of
“emotional” health, “binge” eating, and “habits” which
were very important especially with staying in restricted
spaces for a longer periods of time.

• The word associations to the term “challenges” during
COVID-19 highlight some of the difficulties our soci-

ety has been dealing with including – education (re-
mote learning and the corresponding issues), relation-
ships (pandemic has produced high and enduring lev-
els of psychosocial stress for individuals and families
across the world (Liu and Doan 2020)), and opportuni-
ties (there has been a rise of unemployment according to
United States Bureau of Labor Statistics4). It is notable
that we find these possibly non-food-related issues in the
data ostensibly about food and nutrition, suggesting their
salience in that period.

The shift in the word associations suggest both the rise of
interest in a broader range of healthy foods and diets associ-
ated with health (vegan, keto, paleo, etc.), as well as the em-
phasis on emotional comfort, emotional eating, and ongoing
social challenges. These word associations also highlight the
shift of emphasis from food influencers and their lifestyle to
focusing more on enduring the challenges of life during the
pandemic through variety of foods, specifically foods that
are healthy and comforting.

Interest Shift in Food during COVID-19 Using
Tweet Content
We use the tweet content around the video links to assess
the change in the context around food sharing between the
pre- and pandemic periods, again focusing specifically on
the trends around diet and comfort food. We first employ
odds ratios on the standardized text of the tweets. Table 4
shows the top-20 words used in tweets posted before and
during COVID-19, by odds ratio, which are shown along

4https://www.bls.gov/opub/mlr/2021/article/unemployment-
rises-in-2020-as-the-country-battles-the-covid-19-pandemic.htm
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Before COVID-19 During COVID-19
word OR word OR word OR word OR

1 challenge 0.10 11 whole 0.26 1 glutenfree 13.77 11 savory 3.59
2 gain 0.12 12 drink 0.27 2 coronavirus 9.91 12 cooker 3.57
3 cleanse 0.20 13 pasta 0.27 3 bombs 8.82 13 brown 3.41
4 vegans 0.20 14 snacks 0.28 4 flour 8.34 14 treat 3.41
5 carnivore 0.21 15 fast 0.29 5 waffle 6.52 15 curry 3.16
6 test 0.21 16 taste 0.29 6 went 5.31 16 fryer 3.03
7 bosh 0.22 17 trying 0.29 7 strawberry 4.59 17 watching 3.03
8 high 0.24 18 diets 0.30 8 alkaline 4.25 18 mini 2.95
9 ramen 0.25 19 sandwich 0.30 9 fight 4.17 19 salmon 2.89

10 vegan 0.26 20 thin 0.31 10 mom 4.00 20 dough 2.84

Table 4: 20 words more likely to be used in tweets before COVID-19 (left) and during COVID-19 (right) by odds ratio.

Lower income areas Higher income areas
word OR word OR word OR word OR

1 foods 2.92 11 soup 1.96 1 best 0.30 11 eating 0.62
2 breakfast 2.86 12 keto 1.90 2 check 0.33 12 cheese 0.62
3 curry 2.82 13 low 1.88 3 try 0.41 13 easy 0.66
4 egg 2.29 14 fat 1.87 4 quarantine 0.46 14 chocolate 0.66
5 bread 2.25 15 health 1.87 5 exercise 0.46 15 cake 0.68
6 dinner 2.14 16 calories 1.70 6 episode 0.58 16 ate 0.68
7 banana 2.14 17 meal 1.65 7 fasting 0.58 17 video 0.69
8 simple 2.08 18 cook 1.59 8 vegan 0.60 18 eat 0.72
9 natural 2.08 19 salad 1.56 9 youtube 0.62 19 potato 0.72

10 bacon 1.96 20 carb 1.54 10 watch 0.62 20 full 0.72

Table 5: 20 words in tweets more likely to be used by those living in less wealthy (left) and more wealthy (right) areas during
COVID-19 by odds ratio.

with the word. Not surprisingly, by far the most distinguish-
ing word during COVID-19 is coronavirus, pointing to the
fact that those posting the YouTube links do so within the
context of the ongoing epidemic. An increased attention to
online reviews centers around both recipes (waffle, curry)
and home products (cooker, fryer), with posts like “Top-
Rated 10 Best Air Fryer Reviews 2020” directing people
to lists of products they may be interested in while cook-
ing at home. Further tips about staying healthy at home are
very popular, with tweets such as “Eating Keto While Stuck
at Home, How to Stop Snacking All Day!” offering advice
on controlling food intake while under lockdown. On the
other hand, we can see the words which are less likely to
occur during the COVID-19 period in the first two columns
of the table: cleanse, vegan, diets, fast, etc. Strict nutritional
regimes, such as ketogenic and vegan, are also more likely
to be posted before, but not during COVID-19. In contrast
to the findings in the previous section, we find that when
sharing these videos, Twitter users do not emphasize the diet
aspect, as much as individual foods and tools.

Next, we turn our attention to the differences in such word
mentions only during COVID-19 between users living in lo-
cations having the median household income below or above
the median for our dataset ($60,270). Table 5 shows the top
20 words used more often by users living in less (left) and
more (right) wealthy parts of the U.S., by odds ratio. The
lower income areas favor the simple recipes, such as curry,

eggs and bread, and are concerned about the food being nat-
ural and recipes low in fat. In higher income areas, people
actually mention quarantine, and are more likely to mention
best and exercise, as well as cake and chocolate. We find
that the majority of foods mentioned in the low income areas
are potentially healthy, and refer to meal times and cooking,
indicating a focus on everyday, useful content. Instead, we
find mentions of potentially dangerous practices like fast-
ing and comfort foods like chocolate and cake mentioned in
higher income areas. Note that, when we consider both sets
of users, the most frequent terms used by both are very simi-
lar: vegan, weight, diet, keto and loss, pointing to a common
interest in weight management strategies across the board.

The odds-ratio analysis highlights that during COVID-19,
high calorie foods are more likely to be used in tweets than
before the pandemic. Thus, we investigate further the change
in the vocabulary to assess if the word associations changed
with food-related keywords. Table 6 shows the words that
are semantically and syntactically related to each keyword
from the corpus of tweets, retrieved similarly from videos in
Table 3.

• Among the top-10 highly associated words with the key-
word “foodies” and “healthyeating” (as well as other
keywords), during pandemic we find numerous refer-
ences to the social distancing measures such as “stayath-
omesavelives”, “cookingathome”, “stayhome”, “healthy-
athome”. Instead, before COVID-19 we find a larger

609



focus on influencer-specific keywords including “in-
stafood”, “instablog”, “foodblog”, “foodphotography”,
and “foodblogger”, which decrease during the pandemic.

• There is a specific emphasis on cooking (using keywords
“cook” and “cooking”) “easy recipes” or “recipe of the
day” that would be helpful for many individuals who
might have not made meals at home before the pandemic.
Other kinds of emphasis is also on homemade (“home-
made”) delicious (“delicious”, “yummy”, “tasty”) food.

• When we look at keyword “restaurant” before the pan-
demic it was mostly different kinds of restaurants, menu
items, details of the service provided, etc. However,
during the pandemic the top associated words include
“masked” and “delivery”.

• The term “vegetarian” before the pandemic is focused
on terms related to being a “vegan”. However, during
the pandemic the term is mainly associated with specific
dishes and ingredients, such as “soup”, “lentil”, “chick-
pea”, “burrito”, “salad”, etc. Echoing our findings from
previous section, these keywords suggest an emphasis
on easy-to-make, comfort foods instead of generic ref-
erences to vegetarianism prevalent before COVID-19.

Discussion and Conclusion
Overall, we find mixed results concerning dieting and com-
fort foods. On one hand, we find encouraging signs through-
out the study: the fact that overall newly mentioned foods
have lower nutritional values of energy, fat, and saturated
fat, and a focus on health remains, including in lower income
areas. This finding may be linked to a possible decrease in
fast food consumption, which has been documented outside
the U.S. (Ruiz-Roso et al. 2020). On the other, we find the
levels of sodium increase for both those living in areas with
fewer college educated residents and in places with more
African American residents. This is a concerning trend, as
over-consumption of sodium may lead to high blood pres-
sure, heart disease, and stroke5, ailments already dispro-
portionally afflicting the African American community. Al-
though we cannot equate social media sharing with actual
consumption, previous studies have indicated a moderate to
strong relationship between posted foods and local health
outcomes (Min et al. 2019). The heterogeneity of our find-
ings point to the necessity of further contextualization, pos-
sibly by the use of surveys and interviews, in other demo-
graphics which may affect the severity of lockdown impact,
such as gender (Özenoğlu et al. 2021), employment status,
and psychological state (Paltrinieri et al. 2021).

The analysis of words associated with terms related to
food and nutrition revealed a shift in emphasis from generic
diets and lifestyle content to concrete examples of foods,
recipes, and activities that constitute the daily nutritional
habits of those under lockdown. In particular, we found that
before the pandemic the emphasis was mainly on differ-
ent kinds of diets such as vegan diet, keto diet, rather than
specific ingredients that constitute such a diet, influencer-
specific details such as their lifestyle, challenges, vlog-

5https://tinyurl.com/22jyfueb

ging, etc, and high-level particulars of food industry such
as restaurant locations and types of restaurants. However,
during the pandemic, focus has been shifted to numer-
ous references to the specific ingredients, and emphasis on
easy-to-make, comfort foods. When we consider the video-
based Word2Vec associations to the food-related terms dur-
ing COVID-19, we find words that emphasize healthy and
nutritious foods. More specifically, we found that shift in the
word associations suggest both the increase in interest in a
broad range of foods and diets as well as emphasis on emo-
tional comfort, emotional eating and other pandemic-related
social challenges. Instead, when we analyzed the tweet con-
tent, odds ratio analysis showed that calorie rich foods (e.g.
comfort food that may not be healthy in large quantities) be-
come more popular during COVID-19 compared to before.
This suggests that, while healthy foods remain popular dur-
ing the pandemic, comfort food mentions became relatively
more popular. It would be interesting to see if this trend con-
tinues during subsequent lockdowns.

Outside the nutrition information, content analysis of the
tweets revealed an array of coping mechanisms around the
isolation during lockdowns, including offering online sup-
port to other users, sharing easy recipes, and sharing take-
away food experiences, highlighting the community togeth-
erness during the COVID-19 pandemic. Indeed, numerous
organizations have provided online resources, such as direc-
tions to donate to the local food pantry by Save the Chil-
dren6, mental health resources by CDC7 and UK’s NHS8,
and various community grants9. Although it was not the fo-
cus of this research, the community engagement was a sur-
prising finding, and we would encourage future researchers
to further examine the resources, and especially potential
calls for help, which may be present on social media. Al-
ternatively, it would be interesting to perform a quality con-
trol on the videos of this dataset, as diet-related COVID-19
“cures” and related misinformation are known to have circu-
lated at around this time (El Ghoch, Valerio et al. 2020).

This study illustrates how the combination of information
around food-focused tweets and videos to which they con-
nect can highlight the dietary interest shifts over time. Tools
presented here may supplement the existing health monitor-
ing infrastructure used by public health organizations, in-
cluding surveys and interviews. Open-ended nature of such
observational studies may reveal trends which are not yet on
the radar (such as new trendy diets), as well as the social
context around the needs and concerns of those affected by
public health interventions (e.g. need for simple recipes for
novice cooks). Timely and effective responses to these needs
will help alleviate potential negative impacts of the unprece-
dented COVID-19 interventions.

The reader should note that the data examined in this
study is biased in multiple ways, potentially constraining
generalizability of these findings. Social media users are
likely to be younger and more tech-savvy, and especially

6https://tinyurl.com/55hsc45a
7https://tinyurl.com/yct62tkn
8https://tinyurl.com/3xhft8pc
9https://tinyurl.com/yppmkdat
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Before COVID-19 Keyword During COVID-19

foodblogger, homecooking, foodblog, foodphotogra-
phy, foodlover, instagood, indianfood, nonalcholic,
easyrecipes, instafood

foodies cookingathome, foodblog, cookingmaster, stayhome,
foodporn, easyrecipe, healthyathome, recipeblog, stay-
athomesavelives, recipesforthepeople

healthyfood, healthyrecipes, cleaneating, eatclean,
quickmeals, healthylifestyle, healthtips, healthycooking,
healthyliving, quickrecipes

healthyeating healthyfood, healthyathome, healthyliving, stayhome,
foodies, cookingathome, healthymeals, cookingmaster,
recipesforthepeople, stayathomesavelives

party, tasty, indian, supportive, dinner, spicy, summer,
potatoes, snack, asmr

cook recipeoftheday, yummy, yummyfood, easyrecipes, ital-
ianfood, homemade, foodie, easyrecipe, tasty, delicious

beer, eats, unbelievable, service, nuggets, kfc, popeyes,
options, cafe, greggs

restaurant pickle, artichokes, broth, mangoes, drumstick, bakery,
delivery, spiced, vietnamese, masked

randirobics, veganyoutuber, dareme, veganrecipe, veg-
anfood, oliver, cheflife, rawvegan, recipeoftheday, op-
tions

vegetarian lentil, soup, chickpea, burrito, pasta, salad, chickpeas,
rice, dinner, creamy

cheflife, foodies, indianfood, recipeoftheday, party, tasty,
lunchbox, foodporn, foodtruck, foodie

cooking foodie, recipeoftheday, yummy, foodporn, foodies,
yummyfood, cookwithme, easyrecipes, cleaneating,
easyrecipe

recipeblog, easyrecipes, cheflife, recipevideo, yummy,
foodblog, foodphotography, foodie, foodpics, foodblog-
ger

recipeoftheday cook, yummy, yummyfood, easyrecipes, foodie, cook-
withme, italianfood, easyrecipe, quarantinecooking,
cooking

youtubechannel, quickmeals, writingcommunity,
newvideo, vlogger, youtubetrends, whatieatinaday,
youtubevideos, foodporn, blogger

youtubers ramayanonddnational, mondayvibes, saturdaymoti-
vation, saturdaykitchen, thursdaythoughts, ramayan,
lockdownextension, poha, howto, thursdaymotivation

unbelievable, bakes, street, options, chinese, party, sup-
portive, lovers, pantry, lunchbox

comfort singapore, takeaway, soups, snack, bar, chilli,
caribbean, flowers, papaya, oatmeal

vegetables, fruits, prepare, friendly, fermented, cleanest,
fridge, dishes, lunchbox, mediterranean

veggies substitutes, using, sticks, side, cafe, unique, nuts, pea,
celery, choices

Table 6: Top-10 words associated with each keyword obtained using Word2Vec embeddings generated from the tweet text. The
bold italicized keywords during COVID-19 emphasize examples in the shift of the vocabulary.

those actively posting (instead of passively browsing) (Mel-
lon and Prosser 2017; Mustafaraj et al. 2011). The pecu-
liar timing of the COVID-19 onset may have coincided with
other seasonal nutritional behaviors (such as a possible in-
crease in the availability of fresh fruit and vegetables). A
comparison with similar times in other years may provide an
insight as to the effect of such peculiarities. Further, the fact
that the users captured in this dataset used two social media
potentially puts them in a “vocal minority” of vocal influ-
encers (Mustafaraj et al. 2011). Alternative data sources on
the viewership and browsing activity of other users would be
invaluable to gauge the interest of others less inclined to post
content (such as was done recently in the context of political
content (Hosseinmardi et al. 2021)). In future work it would
be interesting to compare the data to similar time in other
years in order to control for potential seasonal confounders.

Broader Impact
The broader aim of this work is to contribute to the under-
standing of health behaviors using user generated content
and computational tools, specifically, the insights and tools
we present here apply to a broad spectrum of stakeholders.
First and foremost, the research design of this study attempts
to minimize any harm to the users whose content was cap-
tured in this research, as their usernames and other identifi-
able information was excluded from the report and the anal-
ysis. Still, various high-risk groups could be captured here,
such as minors (despite the platforms trying to enforce age

restrictions), those struggling with eating disorders, or lack-
ing access to healthy and affordable food. Secondly, there
is a large portion of users who may have been affected by
this content who have seen or interacted with it, without be-
ing captured by our data collection process. Those not cap-
tured would also include those with disabilities, and who
were unable to use these platforms due to lack of access.
Furthermore, findings here may impact the decision-making
of public health researchers, both in terms of insights into in-
formation sharing behavior during COVID-19, and in terms
of the scope of the available technology for monitoring such
behavior. As such, we are aware that tools for public so-
cial media data surveillance may be mis-used in order to tar-
get people or engage in other kinds of surveillance – note
that such behavior would be against the Terms of Service of
both Twitter (Twitter 2022) and YouTube (YouTube 2022).
Still, in an effort to provide transparency in the research, we
will make the dataset available in accordance with the above
Terms of Service, and along with the manual and automatic
annotations necessary for the analysis.
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