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THE BIGGER PICTURE The COVID-19 pandemic upended many aspects of daily life, including how we eat
and drink. Restaurant closures and retail restrictions likely impacted individuals’ consumption habits, but lon-
gitudinal surveys that monitor nutrition and/or alcohol intake are costly to administer and are prone to
response bias. In this study, we use digital trace data from Twitter to track population-level patterns in nutri-
tional intake. Linking geotagged tweets to data measuring US county characteristics and built environment,
this study finds that increased time at home and access to grocery stores during the pandemicmay have pro-
moted healthy-food consumption. This study also suggests that access to alcohol retail establishments may
have led tomore drinking. These findings validate the importance of the built environment to health behaviors
while highlighting how social media data may be used to assess the impact of public health crises.

Development/Pre-production:Data science output has been
rolled out/validated across multiple domains/problems
SUMMARY
In this study, we measured the association between county characteristics and changes in healthy-food,
fast-food, and alcohol tweets during the COVID-19 pandemic in the United States. Our analytic dataset con-
sisted of 1,282,316 geotagged tweets that referenced food consumption posted before (63.2%) and during
(36.8%) the pandemic and included all US states. We found the share of healthy-food tweets increased by
20.5% during the pandemic compared with pre-pandemic, while fast-food and alcohol tweets decreased
by 9.4% and 11.4%, respectively. We also observed that time spent at home and more grocery stores per
capita were associated with increased odds of healthy-food tweets and decreased odds of fast-food tweets.
More liquor stores per capita was associated with increased odds of alcohol tweets. Our results highlight the
potential impact of the pandemic on nutrition and alcohol consumption and the association between the built
environment and health behaviors.
INTRODUCTION

The COVID-19 pandemic disrupted how individuals interacted

with food establishments in the United States. Stay-at-home

orders and closures across the restaurant and bar industries

changed howpeople accessed and consumed food and alcohol.

Several studies have shown shifts in population-level diet and

alcohol consumption in the wake of the pandemic.1–7 Three

trends have emerged from the existing literature. First, studies

suggest that the consumption of fast food decreased during
This is an open access article under the CC BY-N
the pandemic in the United States.1–3 Second, studies suggest

that consumption of alcohol increased during the pandemic in

the United States.2–5 Third, findings regarding the changes in

healthy food consumption were inconsistent or limited.1,6

However, a major limitation of most studies is a reliance on

self-reported past food and alcohol consumption from traditional

surveys, which might be impacted by recall bias.8–11 Social me-

dia data can provide similar and other advantages to traditional

survey data. For example, data from Twitter can comprise a large

sample covering the full geographic extent of the United States.
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Figure 1. Changes in healthy-food, fast-food, and alcohol tweets
during the COVID-19 pandemic in the United States

Geotagged food tweets were extracted from 1% of random tweets collected

during the pre-pandemic period (May 15, 2019 to January 31, 2020) and the

pandemic period (May 15, 2020 to January 31, 2021) using the Twitter

streaming application programming interface. n = 811,050 geotagged food

tweets during pre-pandemic period. n = 471,266 geotagged food tweets

during pandemic period.
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Also, tweets are collected continuously before and after events

of interest. Tweets also contain voluntary information about

diet and alcohol consumption, allowing for the natural observa-

tion of attitudes and behaviors related to food and alcohol con-

sumption. Several studies have shown the feasibility and utility

of leveraging social media to track population trends in diet

and alcohol consumption.12–17

The objective of our study was to leverage Twitter data to

address the gaps in understanding changes in diet and alcohol

consumption during the COVID-19 pandemic. We examined

geotagged tweets in the United States that referenced food

terms collected during two periods: before and during the

pandemic (May 15, 2019 to January 31, 2020 and May 15,

2020 to January 31, 2021) to quantify how references to the con-

sumption of healthy food, fast food, and alcohol changed during

the pandemic compared with before the pandemic. We also

linked the geotagged tweets to the US county of origin to assess

the relationship between county characteristics and changes in

the share of healthy-food, fast-food, and alcohol tweets. This

study adds to our understanding of how public health interven-

tions and other changes that occurred during the pandemic

could have impacted health behaviors, specifically, the con-

sumption of healthy food, fast food, and alcohol. It also shows

associations between county built environment characteristics

and health behaviors and how this relationship may have

changed during the pandemic.

RESULTS

Data summary
Our initial dataset consisted of 11,445,868 tweets referencing

food terms during the pre-pandemic period (6,270,184 tweets

from May 15, 2019 to January 31, 2020) and pandemic period
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(5,175,684 tweets from May 15, 2020 to January 31, 2021). Of

the initial dataset, 7,429,601 tweets (64.9%) remained after

filtering out tweets that did not reference food consumption

(pre-pandemic: 4,111,454; pandemic: 3,318,147). Of the food-

consumption tweets, 1,282,316 tweets (17.3%) were geotagged

(pre-pandemic: 811,050; pandemic: 471,266). Of the 471,266

geotagged food-consumption tweets during the pandemic,

458,419 (97.3%) were matched to a county with a sufficient

number of tweets and a valid Google mobility score.

Changes in healthy-food, fast-food, and alcohol tweets
during the COVID-19 pandemic
The share of food tweets referencing healthy food was 20.5%

higher (2.5 percentage point increase) during the pandemic

period (14.7%) compared with the pre-pandemic period

(12.2%) (Figure 1). In contrast, the fast-food tweets were 9.4%

lower (0.8 percentage point decrease) during the pandemic

period (7.4%) compared with the pre-pandemic period (8.1%).

Similarly, alcohol tweets were 11.4% lower (3.2 percentage point

decrease) during the pandemic period (24.7%) compared with

the pre-pandemic period (27.9%).

Figure 2 shows relative changes in healthy-food, fast-food,

and alcohol tweets by state (see Figure S1 for total number of

geotagged tweets for each state). The share of healthy-food

tweets increased in 49 states during the pandemic, with the

largest relative increase in Wyoming (+62.1%), Vermont

(+57.4%), and Washington (+46.5%). Only Massachusetts

and Montana experienced a relative decrease in the shares

of healthy-food tweets (�9.3% and �3.4%, respectively). In

contrast, the share of fast-food tweets decreased in most states

during the pandemic, with the largest relative decreases

occurring in Rhode Island (�69.4%) and Wyoming (�68.0%).

However, fast-food tweets increased in 15 states, with the

largest increases occurring in Vermont (+130.2%), New Hamp-

shire (+95.8%), and Idaho (+86.7%). The share of alcohol tweets

decreased in most states during the pandemic, with the largest

relative decreases occurring in Alaska (�39.7%), Hawaii

(�38.7%), and Vermont (�37.6%). Only six states experienced

an increase in alcohol tweets, with the largest relative

increases occurring in South Dakota (+30.6%) and North Dakota

(+13.2%).

Association between food tweets and county
characteristics
For every percentage point increase in time spent at home (in

places of residence) compared with the pre-pandemic baseline,

the odds of a food tweet referencing healthy food during the

pandemic increased (odds ratio [OR] = 1.019 [95% confidence

interval (CI): 1.011, 1.027]) (Figure 3). Also, for every additional

grocery store per 10,000 inhabitants in a county, the odds of a

food tweet referencing healthy food during the pandemic

increased (OR = 1.019 [95% CI: 1.007, 1.032]).

Furthermore, for every percentage point increase in time spent

at home (in places of residence), the odds of a food tweet

referencing fast food decreased (OR = 0.967 [95% CI: 0.956,

0.977]) (Figure 3). For every additional restaurant per 10,000 in-

habitants in a county, the odds of a food tweet referencing fast

food during the pandemic decreased (OR = 0.993 [95% CI:

0.991, 0.995]), while every additional grocery store per 10,000



Figure 2. State-level changes in healthy-food, fast-food, and alcohol tweets during the COVID-19 pandemic in the United States

Geotagged food tweets were extracted from 1% of random tweets collected during the pre-pandemic period (May 15, 2019 to January 31, 2020) and the

pandemic period (May 15, 2020 to January 31, 2021) using the Twitter streaming application programming interface. States associated with each tweet were

determined by conducting a spatial join between the geotagged location of the tweets and state boundaries imported from the 2015–2019 American Community

Survey. n = 811,050 geotagged food tweets during pre-pandemic period. n = 471,266 geotagged food tweets during pandemic period. Maps represent relative

change during the pandemic in units of standard deviations (SDs) away from the pre-pandemic share of food tweets.
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also decreased the odds of a food tweet referencing fast food

(OR = 0.967 [95% CI: 0.949, 0.986]).

Liquor stores were associated with an increased odds of a

tweet referencing alcohol during the pandemic (OR = 1.066

[95% CI: 1.046, 1.087]), while bars were associated with a

decreased odds in a tweet referencing alcohol (OR = 0.989

[95% CI: 0.978, 1.000]) (Figure 3).

ORs for all explanatory variables in each of the three models

are reported in the supplemental material (see Table S2).

DISCUSSION

We found that the proportion of tweets referencing healthy food

increased by 20.5% during the pandemic period compared with

the pre-pandemic period, while the proportion referencing fast

food and alcohol decreased by 9.4% and 11.4%, respectively.

In addition, more grocery stores per capita and more time spent

at home (aggregated at the county level) coincided with an

increased odds of healthy-food tweets and a decreased odds

of fast-food tweets. More liquor stores per capita was also asso-

ciated with an increased odds of alcohol tweets.

County-level changes in mobility during the pandemic,

specifically more time spent at home, was associated with

healthier food habits among Twitter users. For those able to

stay at home during the pandemic, more time at home may

have coincided with less exposure to fast food chains. In addi-

tion, more time spent at home may have afforded people more

opportunities to prepare meals consisting of healthy food ingre-

dients. This explanation is supported by our finding that more

grocery stores per capita were also associated with the

increased odds in healthy-food tweets and decreased odds in

fast-food tweets. Our findings align with a previous Twitter anal-

ysis that highlighted the relationship between healthy food activ-

ity and the density of grocery stores.18 An established body of

literature highlights how food deserts—areas lacking grocery

stores—limits access to healthy food.19 Thus, counties with

many grocery stores may have had more healthy food options

during the pandemic, while counties lacking grocery stores did

not. These findings highlight the potential influence of both

healthy food environments and time spent at home on healthier

food habits during the pandemic.

Similarly, our finding that alcohol tweets decreased slightly

during the pandemic counters previous research showing
increases in alcohol consumption.2–5 This inconsistency may

highlight the disconnect between alcohol consumption and

posting about alcohol consumption on social media. The latter

may occur more frequently in certain contexts of drinking alcohol

that may have changed during the pandemic. For example,

drinking to cope with pandemic-related isolation may be a

context in which someone does not share alcohol consumption

as freely compared with other contexts. Another explanation is

that, while overall alcohol tweets may have decreased during

the pandemic, certain county characteristics may have facili-

tated an increase in alcohol tweets. This explanation is sup-

ported by our findings that the number of liquor stores per

capita—but not bars per capita—were associated with an

increased odds of alcohol tweets during the pandemic. The

findings also align with previous studies showing a positive

association between liquor store access and binge drinking.20,21

This finding highlights the potential influence of the built

environment—particularly the presence of liquor stores that

were kept open in most states during the pandemic—on alcohol

consumption.

Tertiary findings indicate that there was a significant

decrease in fast-food tweets in areas with more restaurants

per capita and a significant decrease in alcohol tweets in areas

with more bars per capita. In addition, our finding that fast-food

tweets decreased overall during the pandemic was consistent

with previous research showing a decline in fast food con-

sumption in the United States during the pandemic.1–3 A poten-

tial explanation for these relationships is that counties with a

high density of restaurants and bars would likely have high

rates of fast-food tweets and alcohol tweets before the

pandemic. When the pandemic disrupted the food and drink in-

dustries, the largest relative decreases in fast-food tweets and

alcohol tweets would likely occur in counties with many fast

food restaurants and bars.

This study adds to previous research demonstrating that

health behavior data derived from social media platforms can

be used to detect small-area trends across periods of time.

While small area estimation using data from behavioral surveys

can be challenging due to limitations in sample size, the volume

and veracity of Twitter data allow researchers to identify note-

worthy shifts in attitudes and prevalence for specific areas.

This is particularly useful during times of public health crisis,

when traditional forms of data collection may be stalled. While
Patterns 3, 100547, August 12, 2022 3



Figure 3. Association between food tweets and county characteristics related to population mobility and built environment

Geotagged food tweets were extracted from 1% of random tweets collected during the pre-pandemic period (May 15, 2019 to January 31, 2020) and the

pandemic period (May 15, 2020 to January 31, 2021) using the Twitter streaming application programming interface. The sample used for the regression model

consisted of 458,419 geotagged food tweets collected from 1,258 counties during the pandemic period in the United States. Data on population mobility were

imported from the Google COVID-19 Community Mobility Reports. Built environment variables were derived from two data sources: the 2017–2018 Community

Business Patterns database and the 2015–2019 American Community Survey. All models were adjusted for county-level demographics (race or ethnicity, age,

and household income) and the respective pre-pandemic baseline of food tweet data collected from the pre-pandemic period. Odds ratios (ORs) are reported as

the measure of association. Error bars indicate the 95% confidence intervals (CIs).
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it is up to the researcher to identify possible causes for these

trends, our findings align with others in showing the potential

impact of public health interventions implemented during the

pandemic on health behaviors.

Our study has some limitations. First, the findings from this

study are not necessarily generalizable to the general US popu-

lation, because not everyone uses Twitter and not all users on

Twitter allow geolocation of their tweets. Second, tweets did

not contain demographic information, thus preventing us from

performing a stratified analysis. We addressed this limitation

by adjusting for county-level demographic estimates related to

race or ethnicity, age, and household income in our regression

analysis. Third, because our regression analysis was conducted

at the county level, there is risk of ecological fallacy; our models

assume that aggregate county-level characteristics accurately

represent the behaviors, demographics, and built environment

of Twitter users. Future studies could address some of the stated

limitations by applying known approaches to improving geoloca-

tion of tweets and inferring demographic attributes.22 Overall,

our study provides valuable insights on the changes in diet and

alcohol consumption during the COVID-19 pandemic in the

United States. Our findings showed an increase in healthy-

food tweets and a decrease in fast-food and alcohol tweets

during the pandemic compared with before the pandemic

among Twitter users. We demonstrated potential links between

behavior change and the built environment—particularly the as-

sociation between healthier diet and access to grocery stores

andmore time spent at home, aswell as the association between

alcohol use and access to liquor stores during the pandemic.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Further information and requests for resources and data access will be fulfilled

by the lead contact, Mark Hernandez (mark.hernandez@ll.mit.edu).

Materials availability

This study did not utilize any materials aside from the data and code noted

below and did not generate new reagents.

Data and code availability

Original tweet text reported in this study cannot be deposited in a public

repository because of privacy concerns and Twitter data-sharing policy.

Analytic datasets containing tweet IDs, food or alcohol tweet coding, and

area-level measures have been deposited in a GitHub repository—publicly

available through Zenodo under https://doi.org/10.5281/zenodo.6057126.

Tweet IDs can be used to retrieve original tweet data via Twitter’s public

application programming interface (API).

All original code has been deposited in a GitHub repository—publicly avail-

able through Zenodo under https://doi.org/10.5281/zenodo.6057126. Any

additional information required to reanalyze the data reported in this paper is

available from the lead contact (Mark Hernandez—mark.hernandez@ll.mit.

edu) upon request.

Twitter data

We used the Twitter streaming application programming interface to collect a

random subset of tweets (approximately 1%of public tweets were provided by

Twitter) originating from within the United States. Twitter generates the

random sample from all publicly available tweets. We split the data into two

time periods: before and during the COVID-19 pandemic (pre-pandemic:

May 15, 2019 to January 31, 2020; pandemic: May 15, 2020 to January 31,

2021). In addition to the tweet text, other relevant data included the time

when the tweet was sent and latitude and longitude coordinates representing

where the tweet originated.
Inclusion criteria and machine learning classification

Our analytic dataset consisted of geotagged tweets that referenced the con-

sumption of healthy food, fast food, or alcohol in the United States during

the pre-pandemic and pandemic periods. To construct this dataset, we

used four steps to identify, label, and filter tweets based on key inclusion

criteria: (1) identified all tweets that included food terms; (2) categorized

food tweets that referenced healthy food, fast food, or alcohol; (3) applied

machine learning methods to identify food tweets that inferred food consump-

tion; and (4) used a spatial join between geocoded tweets and county bound-

aries to assign food consumption tweets to US counties.

We identified food tweets using a list of 1,430 food keywords created from

the US Department of Agriculture’s (USDA) National Nutrient Database and

described in previous studies.15,23 Tweets were filtered by retaining only

tweets containing at least one of the food keywords. We then identified refer-

ences to healthy food, fast food, and alcohol within the broader food dataset.

Nutrition information, such as caloric density, was associated with each food

item in the USDA database, which was used to help identify ‘‘healthy foods.’’

Foods such as vegetables, nuts, and lean proteins (including fish, chicken, and

turkey) were classified as ‘‘healthy foods.’’ Fried versions of these foods were

excluded from the healthy food category. Also tweets that mentioned a fast

food restaurant were labeled as ‘‘fast food.’’ In addition to this, we indepen-

dently created a list of 52 keywords to identify references to alcohol (see

Table S1).

To identify food tweets that referenced food consumption, we trained and

evaluated three machine learning (ML) classifiers: random forest, support

vector machines, and logistic regression. The ML classifiers were selected

based on findings from previous studies.12,13,24 The data used in training

and evaluating the classifiers consisted of 2,878 labeled tweets indicating

whether tweets referenced food consumption or not. Previous studies by

co-author Nguyen and colleagues provided 2,379 of the tweets.15 The re-

maining data were labeled by three of the co-authors into two classes: tweet

referenced food consumption and tweet did not reference food consump-

tion. Each coder worked independently to label the tweets and then the

team met to discuss disagreements and arrived at a consensus. The final da-

taset we used for training and testing consisted of 1,674 tweets that refer-

enced food consumption and 1,204 tweets that did not reference food

consumption.

We used 70% of the data for training and 30% for evaluation after standard

pre-processing, including the removal of stop words, stemming, lowercasing,

and removal of special characters. Hyperparameters for random forest and

support vector machines were tuned using tuning functions in R. The hyper-

parameters tuned for random forest included the number of trees and features

selected at each split. For support vector machines, we optimized gamma and

the penalty parameter.

Of the three classifiers, random forest performed the best at identifying

tweets that referenced food consumption with an F1 score of 0.78 (precision =

0.77; recall = 0.79). In contrast, the F1 score for support vector machines

(SVMs) was 0.74 (precision = 0.79; recall = 0.70) and that for logistic regression

was 0.74 (precision = 0.77; recall = 0.70). The random forestmodel was used to

classify food-consumption tweets in our full dataset.

Of the tweets that referenced food consumption, we restricted the analytic

dataset to tweets that included geotagged locations with latitude and

longitude coordinates. We conducted a spatial join between geotagged

tweet locations and county boundaries from the 2015–2019 American Com-

munity Survey (ACS)25 to determine the county associated with each tweet.

We restricted our county-level analysis to only include tweets from counties

with (1) 10 or more food tweets during the pre-pandemic period, (2) 10 or

more food tweets during pandemic period, and (3) a valid Google mobility

score.26

Primary outcomes

We derived three primary outcomes from the food-term variables. These

outcomes were dichotomous variables that indicated whether any of the

food-related terms in a tweet were categorized as healthy food, fast food, or

alcohol. For this paper, we refer to the three primary outcomes as (1) ‘‘tweet

referencing healthy food’’ or ‘‘healthy-food tweet,’’ (2) ‘‘tweet referencing

fast food’’ or ‘‘fast-food tweet,’’ and (3) ‘‘tweet referencing alcohol’’ or ‘‘alcohol

tweet.’’
Patterns 3, 100547, August 12, 2022 5

mailto:mark.hernandez@ll.mit.edu
https://doi.org/10.5281/zenodo.6057126
https://doi.org/10.5281/zenodo.6057126
mailto:mark.hernandez@ll.mit.edu
mailto:mark.hernandez@ll.mit.edu


ll
OPEN ACCESS Article
Explanatory variables for regression analysis

We integrated county-level data describing sociodemographic characteris-

tics, changes in mobility, and built environment to measure the association

between county characteristics and the three primary outcomes. Sociodemo-

graphic variables related to age (percentage of younger individuals 10–24

years and percentage of older individuals 65+ years), race and ethnicity

(percentage of non-Hispanic white, non-Hispanic Black, and Hispanic), and in-

come (percentage of low-income households with annual household income

less than $25,000 and high-income households with annual household income

more than $100,000) were obtained from the 2015–2019 ACS.25

We obtained data on aggregated changes in time spent in homes from the

Google COVID-19 Community Mobility Reports. The variable measured

percent change in time spent in places of residence compared with baseline

days, where baseline days were defined as the 5-week median for each day

of the week during the period prior to the pandemic in the United States

(January 3, 2020 to February 6, 2020). We used this variable to approximate

changes in time spent at home.

We also included county-level built environment variables using the 2017–

2018 County Business Patterns (CBP) database.27 We constructed variables

that measured the number of food establishments per capita by dividing the

number of food establishments in each county by the number of inhabitants

in the county. This resulted in four food establishment variables: (1) total

grocery stores (excluding convenience stores) per 10,000 inhabitants; (2) total

restaurants per 10,000 inhabitants; (3) total bars per 10,000 inhabitants; and (4)

total liquor stores per 10,000 inhabitants.

Lastly, we included a term to adjust for the county-level baseline trends in

food tweets. We calculated the share of healthy-food, fast-food, and alcohol

tweets for each county during the pre-pandemic period.

Statistical analysis

Our statistical analysis was divided into two parts: (1) to describe the before-

and-after trends of tweets referring to healthy food, fast food, and alcohol

nationally and across states and (2) to measure the association between

county-level factors on changes in healthy-food-, fast-food-, and alcohol-

related tweets. We conducted our analyses using R statistical software

(v.4.0.2) and the following packages: ‘‘tidyverse,’’ ‘‘tidycensus,’’ ‘‘sf,’’

‘‘e1071,’’ and ‘‘randomForest.’’

We first calculated descriptive statistics to assess the share of tweets refer-

encing healthy food, fast food, and alcohol. We then calculated the relative dif-

ference (percent change) and absolute difference (percentage point change) in

the outcomes during the pandemic period compared with the pre-pandemic

period.We calculated thesemetrics on the entire analytic sample of geotagged

food tweets to capture national trends and by state to describe how changes in

food tweets differed within the United States. States associated with each

tweet were determined by conducting a spatial join between the geotagged

tweet locations and state boundaries from the 2015–2019 ACS.25

Next, we fit three binomial logistic regression models to the analytic sample

of geotagged tweets to measure associations between our explanatory vari-

ables and each of the three primary outcomes. We reported ORs as the mea-

sure of association. For each model, we set the dependent variables as one of

the three primary outcomes indicating whether a food tweet referenced (1)

healthy food, (2) fast food, or (3) alcohol. We adjusted for the county-level,

pre-pandemic proportion of food tweets referencing each respective food

category. For example, the healthy-food model adjusted for the county-level

proportion of healthy-food tweets before the pandemic. We adjusted for state

fixed effects in all three models. We also included all sociodemographic vari-

ables (county share of white, Black, Hispanic, younger, older, low-income, and

high-income populations) in all three models. We included the county-level

mobility variable for changes in time spent in homes during the pandemic in

all three models. Finally, we included built environment variables relevant to

eachmodel; we examined grocery stores per capita and restaurants per capita

in both the healthy-food model and the fast-food model and bars per capita

and liquor stores per capita in the alcohol model.

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.

patter.2022.100547.
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