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shopping frequencies were derived from a grocery pat-
tern dataset obtained from SafeGraph. We divided the 
22-month period into 5 stages and employed the growth 
curve modeling to estimate the trajectories of grocery 
shopping frequencies and the associations between 
grocery shopping frequencies and food deserts in each 
stage, separately. Results revealed that grocery shop-
ping frequencies experienced a “W-shaped” pattern 
from March 2020 to December 2021. Counties with 
the least percent of food deserts had slower decrease 
in grocery shopping frequencies at the initial stage and 
recovered more rapidly at later stages. Counties with 
the highest percent of food deserts were subject to dep-
rivation amplification as a result of the pandemic. We 
also found differences existed in the grocery shopping 
frequencies—food desert associations between metro-
politan counties and rural counties. Our findings sug-
gest the impacts of COVID-19 on grocery shopping 

Abstract  The COVID-19 pandemic has dramatically 
altered people’s lives in multiple aspects, including 
grocery shopping behaviors. Yet, the changing trend 
of grocery shopping frequencies during the COVID-19 
and its associations with food deserts remain unclear. 
We aimed to (1) examine variations of grocery shop-
ping frequencies at county level in the USA during the 
COVID-19 pandemic from March 2020 to Decem-
ber 2021; (2) investigate associations between gro-
cery shopping frequencies and food deserts during the 
COVID-19 pandemic; and (3) explore heterogeneity in 
grocery shopping frequencies—food desert associations 
across urban and rural areas. The county-level grocery 
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frequencies varied across different time periods, shed-
ding light on designing different strategies to reduce 
the risk of contagion while shopping inside of grocery 
stores. Further, our findings highlight an urgent need to 
help people living in food deserts (especially in rural 
counties) to procure healthy foods safely during health 
emergencies like COVID-19 pandemic which disrupt 
mobility and social behaviors.

Keywords  Grocery shopping frequency · Food 
deserts · Temporal changes · Urban-rural differences · 
COVID-19 · Longitudinal study

Introduction

The COVID-19 pandemic has dramatically altered peo-
ple’s daily activities [1, 2]. People reduced daily activ-
ity trips at the early stage of the COVID-19 pandemic 
in response to social distancing policies [3, 4]. The 
COVID-19 pandemic and social distancing policies 
may increase people’s concerns toward visiting brick 
and mortar grocery stores [1]. Grocery shopping serves 
as a potential pathway to link healthy food environ-
ment, healthy eating, and health outcomes (i.e., obesity) 
[5–7]. Poorer access to healthy food outlets is associ-
ated with lower frequencies of healthy food purchase 
and consumption [8–10]. People who live in “food 
deserts” (areas with poorer access to healthy foods) 
face more barriers (i.e., limited options of transporta-
tion) to procure healthy foods [11]. The health benefits 
of grocery shopping are particularly important in the 
context of the COVID-19 pandemic because healthy 
eating could boost immune system to prevent or fight 
against the coronavirus infections [12]. The impact of 
the COVID-19 pandemic on grocery shopping behav-
iors may be even stronger for people living in food 
deserts [13]. The restriction policies of mobility lead to 
major transit demand decline at the early stage of the 
COVID-19 pandemic [14, 15]. It would be particularly 
difficult for those who live in food deserts and do not 
own private cars to visit supermarkets that are far away 
from home. Thus, understanding changes of grocery 
shopping frequencies and their associations with food 
deserts during the COVID-19 pandemic could shed 
light on designing and implementing effective strategies 
to help people procure healthy food safely.

Besides, the associations between grocery shop-
ping behaviors and food environment may vary 

between urban and rural areas. Some studies found 
that urbanicity was correlated with healthy food 
access [16, 17]. Empirical evidence illustrates that 
supermarket access has different impacts on fruit and 
vegetable intake in urban and rural settings [18]. In 
addition, the impacts of stay-at-home orders on the 
COVID-19 infection rates and mortality vary between 
urban and rural counties [19]. The reduction of gro-
cery trips during the COVID-19 pandemic also varies 
depending on level of compactness [20]. Thus, it is 
necessary to examine the heterogeneity in associa-
tions between change of grocery shopping frequen-
cies and food deserts across urban and rural areas.

Grocery shopping frequencies were also associated 
with sociodemographic characteristics including pov-
erty level, age groups, and population density [2, 21, 
22]. The temporal changes of grocery shopping fre-
quencies may vary across different sociodemographic 
groups during the COVID-19 pandemic. For instance, 
empirical evidence elucidates that higher income peo-
ple experienced greater decline in grocery store visits 
at the early stage of the COVID-19 pandemic [23]. 
Additionally, empirical literature indicates that politi-
cal preference influences the change of overall mobil-
ity level during the COVID-19 pandemic. Comparing 
with Republican counties, Democratic counties have 
greater reduction in daily activity trips [3] and engage 
more social distancing [24] during the early stages of 
the pandemic. Thus, political preference may impact 
grocery shopping trip frequencies as well.

A growing number of studies have investigated the 
changes in grocery shopping patterns during the COVID-
19 pandemic. One study found grocery store visits 
declined below the baseline within a week from March 13 
and started recovering in some states by the end of May 
[25]. Another study illustrated that supermarket visits for 
poorer neighborhoods in the USA had larger decline dur-
ing the early stage of the COVID-19 pandemic [23]. A 
few other studies found that grocery shopping trips were 
disrupted during the early stage of COVID-19 restrictions 
in England [26], Greek [27], and China [2].

Despite growing evidence on change of grocery 
shopping patterns at the early stage of the COVID-19 
pandemic, there are some limitations in the current 
literature. First, most studies focused on change of 
grocery shopping behaviors at the initial stages of the 
COVID-19 pandemic. However, the COVID-19 pan-
demic may have long-term impacts on people’s grocery 
shopping behaviors. It is essential to understand how 
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people interact with food environment during a longer 
time period of the pandemic. Second, while most stud-
ies examined how people changed their grocery shop-
ping behaviors in respond to the COVID-19 health 
emergencies, evidence on associations between grocery 
shopping frequencies and food deserts remains scarce. 
Further, the knowledge on heterogeneity in associations 
between grocery shopping frequencies and food deserts 
between urban and rural areas is limited.

To bridge the gaps, this study aimed to investi-
gate the temporal variations of county-level grocery 
shopping frequencies in the USA and their associa-
tions with food deserts during a 22-month period of 
the COVID-19 pandemic using a longitudinal design. 
We aimed to (1) examine variations of grocery shop-
ping frequencies at county level in the USA from 
March 2020–December 2021; (2) investigate associa-
tions between grocery shopping frequencies and food 
deserts during the COVID-19; and (3) explore hetero-
geneity in grocery shopping frequencies—food desert 
associations across urban and rural areas.

Methods

Study Setting

Our study site was the conterminous United States. 
We filtered out supermarkets/grocery stores with 
missing information on monthly visits and excluded 
those located in Hawaii and Alaska. The selection 
yielded 70,326 supermarkets/grocery stores in 2984 

counties in the conterminous United States. We clas-
sified the counties by rurality into three categories: 
metropolitan, micropolitan, and rural [28, 29] based 
on the urban influence codes (UIC) collected from 
the USDA [30]. Metropolitan counties included large 
metropolitan areas of more than 1 million residents 
(UIC = 1) and small metropolitan areas of less than 
1 million residents (UIC = 2). Micropolitan coun-
ties included micropolitan areas and those adjacent 
to either a large or small metropolitan areas (UIC 
= 3, 5, and 8). Rural counties were those non-core 
areas adjacent to large or small metropolitan or mic-
ropolitan areas (UIC = 4, 6, 7, and 9–12). Figure 1a 
displays the spatial context of the rurality of coun-
ties and food deserts across the conterminous United 
States.

Grocery Shopping Data

The grocery shopping frequencies came from the 
pattern dataset of SafeGraph [31]. SafeGraph is a 
company that provides places dataset collecting 
from anonymized sample of smartphone users. The 
patterns’ dataset included information like name, 
category, monthly number of visits to each point of 
interest, and the longitude/latitude coordinates for 
each point of interest in the USA. We focused on 
the monthly county-level grocery shopping frequen-
cies in the USA from March 2020 to December 2021. 
Some recent studies have argued that the patterns 
dataset from SafeGraph were accurate and compre-
hensive for retail locations in the USA [32, 33]. We 

Fig. 1   Spatial context of the study area across urban-rural gradients (a) and the percent of food deserts at county level (b)
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calculated the county-level monthly grocery shopping 
frequencies by summing up the monthly visits of each 
supermarket/grocery store located in the correspond-
ing county in each calendar month during March 
2020 and December 2021. We further standardized 
the county-level monthly grocery shopping frequen-
cies by 1000 people. We log-transformed the county-
level monthly grocery shopping frequencies by 1000 
people in analytical models since it was skewed to the 
right.

Food Deserts

We adopted the definition of food desert from the 
USDA metric of low-access tract measured at 1 mile 
and 10 miles [34]: a census tract was considered as 
a food desert if at least 500 people or 33% of the 
population living more than 1 mile in urban areas or 
more than 10 miles in rural areas from the nearest 
supermarket, supercenter, or large grocery store. This 
metric is a widely used definition by the USDA and 
has been used in previous research [35]. There were 
27,337 census tracts that were considered as food 
deserts in the 48 states in the USA as of the year of 
2019. We calculated the percent of census tracts that 
were considered as food deserts in each county and 
categorized the percent of food deserts at county level 
into quartile for analytical models. Figure 1 geovisu-
alizes the percent of food deserts at county level in 
the USA (Fig. 1b).

Covariates

We included county-level new confirmed cases of 
COVID-19, percent of people who voted for Demo-
cratic Party in the 2020 Presidential Election, state-
level stringency index, percent of population below 
poverty, percent of population aged 65 or above, 
percent of African American/black, and population 
density as covariates. The new confirmed cases of 
COVID-19 came from Centers for Disease Control 
and Prevention and were downloaded from USA facts 
[36]. We standardized the number of new COVID-
19 cases by 1000 people at each county and log-
transformed it in analytical models. The state-level 
stringency index was used as a proxy for restriction 
policy for mobility, which came from the Oxford 
COVID-19 Government Response Tracker [37]. The 
state-level stringency index represented the extent to 

the strictness of restriction policies aiming to limit 
people’s mobility level for each state. Higher scores 
indicate that the restriction polices for mobility are 
stricter. We calculated the mean values of the strin-
gency index for different stages in analytical mod-
els. The 2020 Presidential Election data came from 
https://​github.​com/​tonmcg [38]. The political prefer-
ence was represented by percent of population who 
voted for Democratic Party in the 2020 Presidential 
Election. The sociodemographic data at county level 
in the USA came from the 2019 American Commu-
nity Survey [39].

Statistical Analyses

We employed descriptive statistics to describe 
monthly grocery shopping frequencies at county 
level, percent of food deserts at county level, and a 
set of covariates. We employed growth modeling 
approach to estimate the temporal variations in gro-
cery shopping frequencies and their associations with 
food deserts adjusting for covariates. We employed a 
multilevel modeling framework to detect the within-
county differences at level 1 and between-county dif-
ferences at level 2 [40]. We split the temporal period 
between March 2020 and December 2021 into five 
stages based on the change trend of the grocery shop-
ping frequencies along with the COVID-19 new cases 
[3]: stage 1 ranged from March 2020 to April 2020; 
stage 2 ranged from April 2020 to July 2020; stage 
3 ranged from July 2020 to February 2021; stage 4 
ranged from February 2021 to July 2021; and stage 5 
ranged from July 2021 to December 2021.

We employed linear growth model to examine the 
change trends of grocery shopping frequencies and 
estimate their associations with food deserts during 
each stage separately. The outcome variable in each 
stage was the monthly total number of grocery shop-
ping frequencies per 1000 people at county level 
(log-transformed) during the corresponding time 
period respectively. We further adjusted time invari-
ant covariates at level 2, including total new COVID-
19 cases per 1000 people in each stage (log-trans-
formed), mean stringency index during each stage, 
percent of population who voted for Democratic Party 
for the 2020 Presidential Election, percent of popula-
tion aged 65 or above, percent of population below 
poverty, and population density (log-transformed). 
Note that we adjusted for time invariant covariates 
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in growth modeling to make sure that the models can 
converge with interpretable results [40].

The general form of linear growth model adjusting 
time invariant covariates is displayed in the following 
equations [40]:

where Yti denotes the total number of grocery shop-
ping per 1000 people in each month; t is the months 
during each stage; b1i is a random-effect intercept; b2i 
denotes a random-effect linear slope for county i; β1 
is a fixed-effect intercept; FD denotes the percent of 
food deserts in a county; β1i _ 0 is a fixed-effect coef-
ficient for healthy food access on the random-effect 
intercept; Xj denotes the  jth time-invariant covari-
ate; β1i _ j is a fixed-effect coefficient for Xj on the 
random-effect intercept; β2 is a fixed-effect change 
rate over time; β2i _ 0 is a fixed-effect coefficient for 
healthy food access on the random-effect slope; β2i _ j 
is a fixed-effect coefficient for Xj on the random-effect 

(1)log
(

Yti + 1
)

= b1i + b2i ⋅ t + uti

(2)b1i = �1 + �1i_0 ⋅ FD +

∑

�1i_j ⋅ Xj + d1i

(3)b2i = �2 + �1i_0 ⋅ FD +

∑

�1i_j ⋅ Xj + d2i

slope; d1i, and d2i are county i’s deviations from the 
fixed effects.

We further stratified the analytical sample by 
urban-rural gradient (metropolitan, micropolitan, 
and rural) to assess whether the associations between 
grocery shopping frequencies and food deserts were 
divergent across urban-rural gradients.

Results

Descriptive Statistics

Figure  2 displays the mean grocery shopping fre-
quencies along with the total count of COVID-19 
new cases and mean stringency index at county level 
from March 2020 to December 2021. The mean total 
number of grocery frequencies per 1000 people in 
the starting and ending time points of March 2020, 
April 2020, July 2020, February 2021, July 2021, 
and December 2021 were 91.16, 75.57, 95.25, 75.9, 
105.97, and 101.94, respectively. The total new cases 
of COVID-19 per 1000 population experienced fluc-
tuations, too. The number of new cases increased 
from March 2020 and reached its peak in December 
2020. The number of new cases decreased slightly 
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from December 2020 to March 2021. Then, it had a 
sharp decrease from March to June 2021. After June 
2021, the total number of cases increased again and 
climbed to a new peak in December 2021. Mean-
while, the mean state-level stringency index was 
31.35 in March 2020 and reached to its peak in April 
2020 (mean = 68.98). It started decreasing from May 
2020 to December 2021.

Table  1 displays descriptive statistics for percent 
of food deserts at county level and sociodemographic 
characteristics. The mean percent of food deserts at 
county level was 43.31 (standard deviation [SD] = 
26.88). The mean county-level percent of people 
that were below poverty level was about 15%. The 
mean percent of population who aged 65 or above 
was about 19%. The mean county-level percent of 

population who voted for Democratic Party in the 
2020 Presidential Election is 34%. The mean popula-
tion density was 88.67/km2 (SD = 488.50/km2).

Temporal Changes in Grocery Shopping Frequencies 
During the COVID‑19 Pandemic

Table  2 displays the temporal variation in grocery 
shopping frequencies during the COVID-19 pan-
demic. In general, the monthly total grocery shop-
ping frequencies fluctuated like a “W” shape, with 
a sharp decrease at the early stage of the pandemic 
(March–April 2020), an increase from April 2020 
to July 2020, a decrease from July 2020 to February 
2021, an increase from February to July 2021, and 
little variation from July 2021 to December 2021. 

Table 1   Descriptive 
statistics for food deserts 
and sociodemographics

Variables Mean (SD)

Food deserts
Percent of food deserts at county level 43.31 (26.88)
Sociodemographic characteristics at county level
% of population aged 65 and above 19.4 (4.66)
% of Democratic voting in the 2020 Presidential Election 33.6 (15.75)
% of population below poverty 14.66 (6.09)
Population density (/km2) 88.67 (488.50)

Table 2   Temporal variations of grocery shopping frequencies and associations with food deserts during March 2020–December 
2021

Each model adjusted for county-level new confirmed cases of COVID-19, percent of people who voted for Democratic Party in the 
2020 Presidential Election, state-level stringency index, percent of population below poverty, percent of population aged 65 or above, 
percent of African American/black, and population density
# < 0.1; * < 0.05; ** < 0.01; *** < 0.001

Stage 1: Mar 
20–Apr 20

Stage 2: Apr 
20–Jul 20

Stage 3: Jul 20–Feb21 Stage 4: Feb 
21–Jul 21

Stage 5: Jul 
21–Dec 21

Intercept
Intercept 4.32*** 3.83*** 4.20*** 3.66*** 3.96***
% of census tracts that were food deserts
    1st quartile vs. 4th quartile − 0.04 − 0.03 0.01 − 0.14** 0.19**
    2nd quartile vs. 4th quartile 0.02 0.03 0.02 0.02 0.06
    3rd quartile vs. 4th quartile 0.06 0.06 0.06 0.04 0.13
Slope
Slope − 0.08* 0.04* − 0.07*** 0.03*** 0.01
% of census tracts that were food deserts
    1st quartile vs. 4th quartile 0.02* 0.01* − 0.003 0.01*** − 0.01**
    2nd quartile vs. 4th quartile 0.01 − 0.001 0.002 0.002 − 0.001
    3rd quartile vs. 4th quartile 0.005 0.002 0.002 0.003 − 0.002

Changes of Grocery Shopping Frequencies and Associations... 955
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At stage 1 (March–April 2020), the grocery shop-
ping frequencies experienced a sharp decrease from 
March to April 2020 (slope = − 0.08, p < 0.001). 
The grocery shopping frequencies started recovering 
from April to July 2020 with a positive slope (slope 
= 0.04, p < 0.001). The grocery shopping frequen-
cies decreased again from July 2020 to February 
2021 (slope = − 0.07, p < 0.001) and increased again 
from February 2021 to July 2021 (slope = 0.03, p < 
0.001). They experienced little variation from July 
2021 to December 2021.

Grocery Shopping Frequencies and Food Deserts 
During the COVID‑19 Pandemic

Table 2 also shows adjusted associations between gro-
cery shopping frequencies and food deserts over time. 
The full table with covariates is shown in Supplement 
Table  1. Comparing with counties with higher per-
cent of food deserts (the 4th quartile), counties with 
the fewest percent of food deserts (1st quartile) had 
slower decrease in grocery shopping frequencies at 
stage 1 (slope = 0.02, p < 0.05) and faster increase 
in grocery shopping frequencies at stage 2 (slope = 
0.01, p < 0.05) and stage 4 (slope = 0.01, p < 0.05), 
respectively. There was no strong evidence showing 
that food deserts were associated with changes of gro-
cery shopping frequencies at stage 3 and stage 5.

Differences in Associations Between Grocery 
Shopping Frequencies and Food Deserts by Rurality

There existed heterogeneity in the changes of gro-
cery shopping frequencies and the associations with 
food deserts across metropolitan, micropolitan, and 
rural counties (see Table 3). Regarding the changes of 
grocery shopping frequencies, the metropolitan coun-
ties had little variations at stage 1 and 2, decreased 
at stage 3, and recovered at stages 4 and 5. The mic-
ropolitan counties had the “W”-shaped change trend 
from stage 1 to stage 5. Meanwhile, the rural counties 
experienced decreases in grocery shopping frequen-
cies from stage 1 to stage 3, and did not recover at 
stages 4 and 5. We observed differences in the asso-
ciations between grocery shopping frequencies and 
food deserts between metropolitan counties and rural 
counties. Fewer percent of food deserts (1st quartile) 
was associated with higher grocery shopping frequen-
cies in rural counties, whereas fewer percent of food 

deserts (1st quartile) was associated with lower gro-
cery shopping frequencies in metropolitan counties.

Discussion

This study aimed to investigate temporal variations of 
grocery shopping frequencies at county level in the 
USA during the COVID-19 pandemic and the associ-
ations with food deserts. First, grocery shopping fre-
quencies experienced a “W-shaped” change pattern 
during March 2020–December 2021. Second, coun-
ties with fewer percent of food deserts had slower 
decrease and faster increase in grocery shopping fre-
quencies during the COVID-19 pandemic. Third, the 
associations between grocery shopping frequencies 
and food deserts varied across urban-rural gradients.

Change Patterns of Grocery Shopping Patterns 
During the COVID‑19 Pandemic

The change rates in grocery shopping frequencies 
experienced fluctuations from March 2020 to Decem-
ber 2021, suggesting that the impacts of COVID-19 
pandemic on grocery shopping varied across dif-
ferent time periods. The grocery shopping frequen-
cies had a sharp decrease during March–April 2020, 
indicating that people reduced grocery frequencies 
at the early stage of the COVID-19 pandemic. This 
result is consistent with the change trends of gro-
cery shopping frequencies at the initial stage of the 
COVID-19 pandemic in previous studies [1, 41]. One 
potential reason may be because people were follow-
ing social distancing policies at the early stage of the 
pandemic and reduced their mobility level altogether 
[23, 42]. Further, people may switch to purchase 
food online during the initial stage of the COVID-19 
pandemic [43, 44], which may subsequently reduce 
grocery shopping trips [45]. The grocery shopping 
frequencies started recovering from April to July 
2020 despite of the increasing trend of new con-
firmed cases of COVID-19. This pattern is consistent 
with the overall mobility pattern in the USA during 
this time period [3]. The grocery shopping frequen-
cies decreased from July 2020 to February 2021. 
One potential reason is that the increasing trend of 
the COVID-19 new cases and mortality rate makes 
people less willing to visit grocery stores during this 
time period [46]. The grocery shopping frequencies 
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Table 3   Disparities in associations between grocery shopping frequencies and food deserts across urban and rural counties

Each model adjusted for county-level new confirmed cases of COVID-19, percent of people who voted for Democratic Party in the 
2020 Presidential Election, state-level stringency index, percent of population below poverty, percent of population aged 65 or above, 
percent of African American/black, and population density
# < 0.1; * < 0.05; ** < 0.01; *** < 0.001

Stage 1: Mar 20–
Apr 20

Stage 2: Apr 
20–Jul 20

Stage 3: Jul 20–
Feb 21

Stage 4: Feb 
21–Jul 21

Stage 5: Jul 
21–Dec 21

Metropolitan counties
Intercept
Intercept 4.12*** 3.88*** 3.75*** 3.45*** 2.78***
% of census tracts that are food deserts
  1st quartile vs. 4th quartile − 0.12* − 0.12* − 0.12* − 0.17* 0.05
  2nd quartile vs. 4th quartile 0.00 0.00 − 0.02 0.03 − 0.04
  3rd quartile vs. 4th quartile 0.08 0.08 0.07 0.13* 0.07
Slope
Slope 0.00 0.03 -0.04** 0.03** 0.06**
% of census tracts that are food deserts
  1st quartile vs. 4th quartile 0.01 0.00 0.00 0.004 − 0.009*
  2nd quartile vs. 4th quartile 0.00 0.00 0.00 0.00 0.00
  3rd quartile vs. 4th quartile 0.00 0.00 0.00 0.00 − 0.00
Micropolitan counties
Intercept
Intercept 3.50*** 2.67*** 4.05*** 2.53*** 4.80***
% of census tracts that are food deserts
  1st quartile vs. 4th quartile − 0.11 − 0.08 − 0.07 − 0.24* 0.02
  2nd quartile vs. 4th quartile 0.10 0.14# 0.15# 0.04* 0.13
  3rd quartile vs. 4th quartile 0.14 0.12 0.11 0.06 0.09
Slope
Slope − 0.13# 0.11*** − 0.06** 0.04* − 0.08**
% of census tracts that are food deserts
  1st quartile vs. 4th quartile 0.05* 0.01 0.00 0.01** 0.00
  2nd quartile vs. 4th quartile 0.03 0.00 0.00 0.01 0.00
  3rd quartile vs. 4th quartile 0.01 0.00 0.00 0.01 0.00
Rural counties
Intercept
Intercept 4.85*** 4.22*** 4.63*** 4.14*** 4.13***
% of census tracts that are food deserts
  1st quartile vs. 4th quartile 0.16* 0.17* 0.22** 0.05 0.40***
  2nd quartile vs. 4th quartile 0.05 0.07 0.03 0.06 0.19
  3rd quartile vs. 4th quartile − 0.00 − 0.00 0.00 − 0.07 0.17
Slope
Slope − 0.13# − 0.01 − 0.07** 0.01 0.03
% of census tracts that are food deserts
  1st quartile vs. 4th quartile 0.02 0.01 − 0.01 0.01* − 0.01*
  2nd quartile vs. 4th quartile 0.02 − 0.01 0.00 0.00 − 0.008
  3rd quartile vs. 4th quartile 0.00 0.00 0.00 0.01 − 0.01
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started to recover again from February to July 2021, 
and did not change much from July 2021 to Decem-
ber 2021. People may get tired of the coronavirus 
and have quarantine fatigue after a 12-month period 
[47–49]. In addition, people’s risk perception of the 
coronavirus decreased over time [2, 50, 51], which 
could potentially encourage more grocery shopping 
trips at a later stage of the COVID-19 pandemic. The 
temporal variations of grocery shopping frequencies 
will inform policymakers to carefully design and 
implement mobility restrictions and hygienic prac-
tices corresponding to different stages to reduce the 
risk of contagion while purchasing foods inside of 
supermarkets.

Associations Between Grocery Shopping Frequencies 
and Food Deserts During the COVID‑19 Pandemic

We found that counties with the least percent of 
food deserts had slower decrease in grocery shop-
ping frequencies at the initial stage and recovered 
more rapidly in grocery shopping frequencies at 
later stages of the COVID-19 pandemic. It indi-
cates that counties with the highest percent of food 
deserts are subject to deprivation amplification as 
a result of the pandemic. This finding suggests that 
higher food access could encourage people to visit 
brick and mortar supermarkets more frequently even 
in the context of the COVID-19 pandemic. This 
result resonates with a previous finding that areas 
with lower supermarket density has greater reduc-
tion of trip frequencies during the COVID-19 pan-
demic [52]. This finding is particularly important in 
the context of the COVID-19 pandemic, highlight-
ing that those living in food deserts might face more 
severe barriers to visit supermarkets to procure 
healthy foods. For instance, the mobility restrictions 
could mitigate the overall mobility level at the early 
stage of the COVID-19 pandemic [3, 53], which 
may potentially discourage people to visit super-
markets that were far away from home. Also, empir-
ical evidence illustrates that people who lived in 
areas with limited food access had higher reliance 
on motorized trips to visit supermarkets [54]. How-
ever, people were less likely to take public transit 
since they were in fear of contracting the coronavi-
rus during the COVID-19 pandemic [15, 55]. The 
decline in transit ride may make it more difficult for 
those living in food deserts to get to supermarkets 

beyond their immediate neighborhoods due to lim-
ited transportation options [35]. Our findings high-
light the urgent need to help those living in food 
deserts to procure healthy foods safely during health 
emergencies like the COVID-19 pandemic which 
disrupt people’s lives dramatically.

Heterogeneity in Associations Between Grocery 
Shopping Frequencies and Food Deserts by Rurality

We observed heterogeneity in the associations 
between grocery shopping frequencies and food 
deserts between metropolitan counties and rural 
counties. Lower percent of food deserts was asso-
ciated with higher grocery shopping frequencies in 
rural counties. This result suggests that rural coun-
ties with higher percent of food deserts have lower 
grocery shopping frequencies during the COVID-
19 pandemic. This result is in line with previous 
findings that higher healthy food access is related 
with higher grocery shopping frequencies [9]. It 
highlights the importance of improving healthy 
food access in rural counties during the COVID-
19 pandemic to encourage higher grocery shopping 
frequencies, which could potentially reduce food 
access inequity. Meanwhile, metropolitan counties 
with lower percent of food deserts had lower gro-
cery shopping frequencies. This result indicates 
that metropolitan counties with higher healthy 
food access had lower grocery shopping frequen-
cies. One potential reason is that people in metro-
politan counties may have lower pandemic fatigue 
level [48] and thus are more likely to follow the 
stay-at-home order to reduce grocery shopping trips 
during the COVID-19 pandemic. A previous study 
illustrates that compactness leads to a significantly 
higher reduction in grocery and transit trips [20]. 
Nevertheless, the heterogeneity in grocery shop-
ping frequency—food desert associations highlight 
future research needs to investigate the relationships 
between grocery shopping frequencies and food 
deserts in various spatial contexts [56].

Limitations

This study also had some limitations. First, the 
COVID-19 new cases were only available at county 
level; therefore, we aggregated grocery shopping 
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frequencies at county level for analysis. Future 
research could investigate the grocery shopping fre-
quencies at finer scales like census tract level or 
individual level. Second, we simplified the healthy 
food access by using food desert definition from the 
USDA, which is not sufficient to capture the full pic-
ture of food access. Some scholars have argued that 
food desert concept should incorporate a temporal 
component to better represent health food access and 
their associations with health outcomes [57]. Third, 
the percent of food deserts at county level was time-
invariant during the 22-month period. Future study 
could measure the dynamic food environment dur-
ing the COVID-19 pandemic to produce more robust 
associations between grocery shopping frequencies 
and healthy food access. Fourth, this study focused 
solely on the growth trajectories of grocery shopping 
frequencies, neglecting other dimensions of grocery 
shopping patterns. Future research could investigate 
change patterns of grocery shopping distances and 
shopping duration during the COVID-19 pandemic.

Conclusions

This study contributes to the literature on grocery 
shopping behaviors during the COVID-19 pandemic 
in two aspects. First, the temporal changes of gro-
cery shopping frequencies in a 22-month period 
indicate that the COVID-19 pandemic impacts peo-
ple’s essential routine activities differently across dif-
ferent stages. This finding will inform policymakers 
that it is necessary to carefully design and implement 
COVID-19-related mobility restriction policies and 
hygienic practices at different stages to mitigate the 
contagion risk while shopping inside of supermar-
kets. Second, the associations between food deserts 
and grocery shopping frequencies during the COVID-
19 pandemic highlight an urgent need to help people 
living in food deserts (especially in rural counties) to 
procure healthy foods safely in health emergencies 
like COVID-19 which disrupt movement and social 
behaviors dramatically.

Funding  This work was supported by the Early Career 
Research Grant by School of Public Administration at China 
University of Geosciences (CUGGG—2208), the Fundamental 
Research Funds for the Central Universities (2042023kfyq04), 

and  Wuhan University Specific Fund for Major School-level 
Internationalization Initiatives (WHU-GJZDZX-PT07).

References

	 1.	 Shamim K, Ahmad S, Alam MA. COVID-19 health safety 
practices: influence on grocery shopping behavior. J Pub-
lic Aff. 2021;21(4):e2624.

	 2.	 Li J, Hallsworth AG, Coca-Stefaniak JA. Changing gro-
cery shopping behaviours among Chinese consumers at 
the outset of the COVID-19 outbreak. Tijdschr Econ Soc 
Geogr. 2020;111(3):574–83.

	 3.	 Kim J, Kwan MP. The impact of the COVID-19 pan-
demic on people’s mobility: a longitudinal study of the 
US from March to September of 2020. J Transp Geogr. 
2021;93:103039.

	 4.	 Li A, Zhao P, Haitao H, Mansourian A, Axhausen KW. 
How did micro-mobility change in response to COVID-
19 pandemic? A case study based on spatial-tempo-
ral-semantic analytics. Comput Environ Urban Syst. 
2021;90:101703.

	 5.	 Peng K, Rodríguez DA, Peterson M, Braun LM, Howard 
AG, Lewis CE, et al. GIS-based home neighborhood food 
outlet counts, street connectivity, and frequency of use of 
neighborhood restaurants and food stores. J Urban Health. 
2020;97:213–25.

	 6.	 Mackenbach JD, Hobbs M, Pinho MG. Where do Dutch 
adults obtain their snack foods? Cross-sectional explora-
tion of individuals’ interactions with the food environ-
ment. Health Place. 2022;75:102802.

	 7.	 Busse KR, Logendran R, Owuor M, Omala H, Nandoya 
E, Ammerman AS, Martin SL. Food vendors and the 
obesogenic food environment of an informal settlement 
in Nairobi, Kenya: a descriptive and spatial analysis. J 
Urban Health. 2023;100(1):76–87.

	 8.	 Ma X, Liese AD, Hibbert J, Bell BA, Wilcox S, Sharpe 
PA. The association between food security and store-
specific and overall food shopping behaviors. J Acad Nutr 
Diet. 2017;117(12):1931–40.

	 9.	 Gao X, Engeda J, Moore LV, Auchincloss AH, Moore K, 
Mujahid MS. Longitudinal associations between objec-
tive and perceived healthy food environment and diet: 
the multi-ethnic study of atherosclerosis. Soc Sci Med. 
2022;292:114542.

	10.	 Jiao J, Moudon AV, Drewnowski A. Does urban form 
influence grocery shopping frequency? A study from 
Seattle, Washington, USA. Int J Retail Distrib Manag. 
2016;44(9):903–22.

	11.	 Jetter KM, Cassady DL. The availability and cost 
of healthier food alternatives. Am J Prev Med. 
2006;30(1):38–44.

	12.	 WHO. (2022). https://​www.​who.​int/​campa​igns/​conne​
cting-​the-​world-​to-​combat-​coron​avirus/​healt​hyath​ome/​
healt​hyath​ome%​2D%​2D-​healt​hy-​diet. Accessed on July 
18, 2022.

	13.	 Walker RE, Keane CR, Burke JG. Disparities and access 
to healthy food in the United States: a review of food 
deserts literature. Health Place. 2010;16(5):876–84.

Changes of Grocery Shopping Frequencies and Associations... 959

https://www.who.int/campaigns/connecting-the-world-to-combat-coronavirus/healthyathome/healthyathome%2D%2D-healthy-diet
https://www.who.int/campaigns/connecting-the-world-to-combat-coronavirus/healthyathome/healthyathome%2D%2D-healthy-diet
https://www.who.int/campaigns/connecting-the-world-to-combat-coronavirus/healthyathome/healthyathome%2D%2D-healthy-diet


1 3
Vol:. (1234567890)

	14.	 Javadinasr M, Maggasy T, Mohammadi M, Mohamma-
dain AK, Rahimi E, Salon D, Conway MW, Pendyala 
R, Derrible S. The long-term effects of COVID-19 on 
travel behavior in the United States: a panel study on 
work from home, mode choice, online shopping, and air 
travel. Transport Res F: Traffic Psychol Behav. 2022; 
https://​doi.​org/​10.​1016/j.​trf.​2022.​09.​019.

	15.	 Liu L, Miller HJ, Scheff J. The impacts of COVID-19 
pandemic on public transit demand in the United States. 
PLoS One. 2020;15(11):e0242476.

	16.	 DuBreck CM, Sadler RC, Arku G, Gilliland JA. Exam-
ining community and consumer food environments for 
children: an urban-suburban-rural comparison in South-
western Ontario. Soc Sci Med. 2018;209:33–42.

	17.	 Crawford TW, Pitts SBJ, McGuirt JT, Keyserling TC, 
Ammerman AS. Conceptualizing and comparing neigh-
borhood and activity space measures for food environ-
ment research. Health Place. 2014;30:215–25.

	18.	 Dean WR, Sharkey JR. Rural and urban differences in 
the associations between characteristics of the commu-
nity food environment and fruit and vegetable intake. J 
Nutr Educ Behav. 2011;43(6):426–33.

	19.	 Jiang DH, Roy DJ, Pollock BD, Shah ND, McCoy 
RG. Association of stay-at-home orders and COVID-
19 incidence and mortality in rural and urban 
United States: a population-based study. BMJ Open. 
2022;12(4):e055791.

	20.	 Hamidi S, Zandiatashbar A. Compact development and 
adherence to stay-at-home order during the COVID-
19 pandemic: a longitudinal investigation in the United 
States. Landsc Urban Plan. 2021;205:103952.

	21.	 Astroza S, Guarda P, Carrasco JA. Modeling the rela-
tionship between food purchasing, transport, and health 
outcomes: evidence from Concepcion, Chile. J Choice 
Model. 2022;42:100341.

	22.	 Vojnovic I, Ligmann-Zielinska A, LeDoux TF. The 
dynamics of food shopping behavior: exploring travel pat-
terns in low-income Detroit neighborhoods experiencing 
extreme disinvestment using agent-based modeling. PLoS 
One. 2020;15(12):e0243501.

	23.	 Jay J, Bor J, Nsoesie EO, Lipson SK, Jones DK, Galea S, 
Raifman J. Neighbourhood income and physical distanc-
ing during the COVID-19 pandemic in the United States. 
Nat Hum Behav. 2020;4(12):1294–302.

	24.	 Allcott H, Boxell L, Conway J, Gentzkow M, Thaler M, 
Yang D. Polarization and public health: partisan differ-
ences in social distancing during the coronavirus pan-
demic. J Public Econ. 2020;191:104254. https://​doi.​org/​
10.​1016/j.​jpube​co.​2020.​104254.

	25.	 Bian R, Murray-Tuite P, Wolshon B. Predicting grocery 
store visits during the early outbreak of COVID-19 with 
machine learning. Transp Res Rec. 2023;2677(4):79–91.

	26.	 Thompson C, Hamilton L, Dickinson A, Fallaize R, 
Mathie E, Rogers S, Wills W. Changes to household 
food shopping practices during the COVID-19 restric-
tions: evidence from the East of England. Health Place. 
2022;78:102906. https://​doi.​org/​10.​1016/j.​healt​hplace.​
2022.​102906.

	27.	 Velias A, Georganas S, Vandoros S. COVID-19: 
early evening curfews and mobility. Soc Sci Med. 

2022;292:114538. https://​doi.​org/​10.​1016/j.​socsc​imed.​
2021.​114538.

	28.	 Kaczynski AT, Eberth JM, Stowe EW, Wende ME, 
Liese AD, McLain AC, et al. Development of a national 
childhood obesogenic environment index in the United 
States: differences by region and rurality. Int J Behav 
Nutr Phys Act. 2020;17:1–11.

	29.	 Myers CA, Slack T, Martin CK, Broyles ST, Heyms-
field SB. Regional disparities in obesity prevalence in 
the United States: a spatial regime analysis. Obesity. 
2015;23(2):481–7.

	30.	 Economic Research Service. Urban influence codes. Wash-
ington D.C: U.S. Department of Agriculture; 2021. Avail-
able from: https://​www.​ers.​usda.​gov/​data-​produ​cts/​urban-​
influ​ence-​codes.​aspx. Accessed September 2nd, 2022.

	31.	 SafeGraph. (2021). https://​www.​safeg​raph.​com/. 
Accessed on November 10, 2021.

	32.	 Ballantyne P, Singleton A, Dolega L, Macdon-
ald J. Integrating the who, what, and where of US 
retail center geographies. Ann Am Assoc Geogr. 
2023;113(2):488–510.

	33.	 Ballantyne P, Singleton A, Dolega L, Credit K. A frame-
work for delineating the scale, extent and characteristics 
of American retail centre agglomerations. Environ Plan 
B Urban Anal City Sci. 2022b;49(3):1112–28.

	34.	 USDA Food Access Research Atlas. (2019). https://​
www.​ers.​usda.​gov/​data-​produ​cts/​food-​access-​resea​rch-​
atlas/​downl​oad-​the-​data/. Accessed on June 6, 2022.

	35.	 Hamidi S. Urban sprawl and the emergence of food 
deserts in the USA. Urban Stud. 2020;57(8):1660–75.

	36.	 USA Facts. (2022). https://​usafa​cts.​org/​visua​lizat​ions/​
coron​avirus-​covid-​19-​spread-​map. Accessed on January 
5, 2022.

	37.	 Hale T, Angrist N, Goldszmidt R, Kira B, Petherick 
A, Phillips T, Webster S, Cameron-Blake E, Hallas 
L, Majumdar S, Tatlow H. A global panel database of 
pandemic policies (Oxford COVID-19 Government 
Response Tracker). Nat Hum Behav. 2021;5(4):529–38.

	38.	 McGovern, T. (2022). U.S. county level election results. 
https://​github.​com/​tonmcg. Accessed January 9, 2022.

	39.	 ACS. (2022). https://​www.​census.​gov/​progr​ams-​surve​
ys/​acs/​data.​html. Accessed on January 8, 2022.

	40.	 Grimm KJ, Ram N, Estabrook R. Growth modeling: 
structural equation and multilevel modeling approaches. 
New York, NY: Guilford Press; 2016.

	41.	 Yang S, Chen H, Wu J, Guo B, Zhou J, Yuan C, Jia P. 
Impacts of COVID-19 lockdown on food ordering pat-
terns among youths in China: the COVID-19 impact on 
lifestyle change survey. Obes Facts. 2022;15(2):135–49.

	42.	 Jay J, Heykoop F, Hwang L, Courtepatte A, de Jong J, 
Kondo M. Use of smartphone mobility data to analyze 
city park visits during the COVID-19 pandemic. Landsc 
Urban Plan. 2022;228:104554.

	43.	 Jensen KL, Yenerall J, Chen X, Yu TE. US consum-
ers’ online shopping behaviors and intentions during 
and after the COVID-19 pandemic. J Agric Appl Econ. 
2021;53(3):416–34.

	44.	 Li L, Wang D. Do neighborhood food environments mat-
ter for eating through online-to-offline food delivery ser-
vices? Appl Geogr. 2022;138:102620.

J. Li et al.960

https://doi.org/10.1016/j.trf.2022.09.019
https://doi.org/10.1016/j.jpubeco.2020.104254
https://doi.org/10.1016/j.jpubeco.2020.104254
https://doi.org/10.1016/j.healthplace.2022.102906
https://doi.org/10.1016/j.healthplace.2022.102906
https://doi.org/10.1016/j.socscimed.2021.114538
https://doi.org/10.1016/j.socscimed.2021.114538
https://www.ers.usda.gov/data-products/urban-influence-codes.aspx
https://www.ers.usda.gov/data-products/urban-influence-codes.aspx
https://www.safegraph.com/
https://www.ers.usda.gov/data-products/food-access-research-atlas/download-the-data/
https://www.ers.usda.gov/data-products/food-access-research-atlas/download-the-data/
https://www.ers.usda.gov/data-products/food-access-research-atlas/download-the-data/
https://usafacts.org/visualizations/coronavirus-covid-19-spread-map
https://usafacts.org/visualizations/coronavirus-covid-19-spread-map
https://github.com/tonmcg
https://www.census.gov/programs-surveys/acs/data.html
https://www.census.gov/programs-surveys/acs/data.html


1 3
Vol.: (0123456789)

	45.	 Shi K, De Vos J, Yang Y, Witlox F. Does e-shop-
ping replace shopping trips? Empirical evidence 
from Chengdu, China. Transp Res A Policy Pract. 
2019;122:21–33.

	46.	 Grashuis J, Skevas T, Segovia MS. Grocery shopping 
preferences during the COVID-19 pandemic. Sustainabil-
ity. 2020;12(13):5369.

	47.	 Seiter JS, Curran T. Social-distancing fatigue during the 
COVID-19 pandemic: a mediation analysis of cognitive 
flexibility, fatigue, depression, and adherence to CDC 
guidelines. Commun Res Rep. 2021;38(1):68–78.

	48.	 Wu X, Lu Y, Jiang B. Built environment factors moderate 
pandemic fatigue in social distance during the COVID-19 
pandemic: a nationwide longitudinal study in the United 
States. Landsc Urban Plan. 2023;233:104690.

	49.	 Haktanir A, Can N, Seki T, Kurnaz MF, Dilmaç B. Do 
we experience pandemic fatigue? current state, predictors, 
and prevention. Curr Psychol. 2022;41(10):7314–25.

	50.	 Zhang N, Yang S, Jia P. Cultivating resilience during the 
COVID-19 pandemic: A socioecological perspective. 
Annu Rev Psychol. 2022;73:575–98.

	51.	 Luo M, Wang Q, Yang S, Jia P. Changes in patterns of take-
away food ordering among youths before and after COVID-
19 lockdown in China: the COVID-19 Impact on Lifestyle 
Change Survey (COINLICS). Eur J Nutr. 2022;1–11.

	52.	 Liu J, Gross J, Ha J. Is travel behaviour an equity 
issue? Using GPS location data to assess the effects of 
income and supermarket availability on travel reduc-
tion during the COVID-19 pandemic. Int J Urban Sci. 
2021;25(3):366–85.

	53.	 Pullano G, Valdano E, Scarpa N, Rubrichi S, Colizza 
V. Evaluating the effect of demographic factors, 

socioeconomic factors, and risk aversion on mobility 
during the COVID-19 epidemic in France under lock-
down: a population-based study. Lancet Digit Health. 
2020;2(12):e638–49.

	54.	 Jiao J, Moudon AV, Drewnowski A. Grocery shopping: 
how individuals and built environments influence choice 
of travel mode. Transp Res Rec. 2011;2230(1):85–95.

	55.	 Parker ME, Li M, Bouzaghrane MA, Obeid H, Hayes D, 
Frick KT, Rodríguez DA, Sengupta R, Walker J, Chat-
man DG. Public transit use in the United States in the 
era of COVID-19: transit riders’ travel behavior in the 
COVID-19 impact and recovery period. Transp Policy. 
2021;111:53–62.

	56.	 Lin J, Huang B, Kwan MP, Chen M, Wang Q. COVID-19 
infection rate but not severity is associated with availabil-
ity of greenness in the United States. Landsc Urban Plan. 
2023;233:104704.

	57.	 Widener MJ, Shannon J. When are food deserts? Integrat-
ing time into research on food accessibility. Health Place. 
2014;30:1–3.

Publisher’s Note  Springer Nature remains neutral with regard 
to jurisdictional claims in published maps and institutional 
affiliations.

Springer Nature or its licensor (e.g. a society or other partner) 
holds exclusive rights to this article under a publishing 
agreement with the author(s) or other rightsholder(s); author 
self-archiving of the accepted manuscript version of this article 
is solely governed by the terms of such publishing agreement 
and applicable law.

Changes of Grocery Shopping Frequencies and Associations... 961


	Changes of Grocery Shopping Frequencies and Associations with Food Deserts during the COVID-19 Pandemic in the United States
	Abstract 
	Introduction
	Methods
	Study Setting
	Grocery Shopping Data
	Food Deserts
	Covariates
	Statistical Analyses

	Results
	Descriptive Statistics
	Temporal Changes in Grocery Shopping Frequencies During the COVID-19 Pandemic
	Grocery Shopping Frequencies and Food Deserts During the COVID-19 Pandemic
	Differences in Associations Between Grocery Shopping Frequencies and Food Deserts by Rurality

	Discussion
	Change Patterns of Grocery Shopping Patterns During the COVID-19 Pandemic
	Associations Between Grocery Shopping Frequencies and Food Deserts During the COVID-19 Pandemic
	Heterogeneity in Associations Between Grocery Shopping Frequencies and Food Deserts by Rurality
	Limitations

	Conclusions
	Anchor 21
	References




