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Abstract
The COVID-19 pandemic has had profound effects on grocery retailers, forcing them
to make many operational changes in response to public health concerns and the shift in
customers’ shopping behavior. Grocery retailers need to understand the impact of pan-
demic conditions on their operations, but the literature has not modeled and analyzed
this issue. We bridge this gap through economic models that consider the documented
changes in the customers’ shopping behavior during the COVID-19 pandemic, includ-
ing less frequent in-store shopping and bulk-shopping tendency. We capture the impact
of occupancy limitation guidelines on grocery retailers’ service capacity, customers’
shopping behavior, and, consequently, on the retailers’ store traffic and profit. We find
that though store occupancy limitations reduce the in-store foot traffic (which helps
with curbing the disease spread), interestingly, they do not necessarily result in a profit
decline. Under occupancy limitations and when the retailer offers the delivery or curb-
side pickup service, our analyses highlight the externality impact of online customers
on the shopping behavior of in-store customers. When the retailer adds the delivery
service, such externalities may increase the store traffic (higher infection risk inside
the grocery store) and reduce the retailer’s profit. When the retailer adds the curbside
pickup instead, it has more control over the impact of externalities, which helps in
lowering the store traffic and increasing the profit. Our results offer valuable insights
into how retailers should regard occupancy limitations and health safety measures. Our
results also highlight conditions under which various operating modes may help retail-
ers reduce infection risk and achieve higher profit.
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1 INTRODUCTION

Grocery retailers play an essential role in American com-
munities. They are the primary source for people to pur-
chase food, and they serve other community functions, such
as supporting local commerce and providing employment.
The grocery retail industry, comprising around 38,000 stores,
accounted for $682.86 billion of sales and employed more
than 2.5 million people in 2019 (Statista, 2020a). Visit-
ing grocery stores is a familiar and comforting ritual for
many Americans, with 40% visiting a store at least once a
week and many visiting more than four times a week. It is
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not surprising that COVID-19 has affected grocery retailing
profoundly.

On the one hand, grocery retailers have to adapt to a mas-
sive shift in consumer behavior, including reducing shopping
frequencies and a higher tendency to shop in bulk (Wang
et al., 2020). On the other hand, grocery retailers face severe
constraints due to safe operating guidelines imposed by
local governments to prevent stores from becoming potential
hotspots for disease transmission (Szymkowiak et al., 2020).
In other words, grocery retailers have to step up to serve
community needs while curbing the possibility of infection
among their customers and staff.
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In response, many retailers invested heavily in measures
to assure customers about the health safety of their shopping
to boost how comfortable shoppers feel about in-store shop-
ping (Moran, 2021). Many retailers went beyond and forayed
into online shopping by scaling their delivery operations in
partnership with third-party delivery services or retrofitting
their internal capability to provide curbside pickup service to
their customers (Redman, 2020b). While there is a general
skepticism about the profitability of online retailing (Kang,
2020), the existing research does not offer any guidance on
how pandemic conditions impact grocery retailers’ opera-
tions and how a retailer should adopt in response. Given the
likely long-lasting impacts of the ongoing pandemic (Man-
davilli, 2021), these are critical issues that we aim to address
in this paper.

1.1 Motivation

During a pandemic, the risk of disease transmission inside
grocery stores impacts customers’ shopping behavior. First,
as reported in various surveys, customers reduce their visit
frequency to grocery stores (Renner et al., 2020), accom-
panied by their increased tendency toward bulk shopping,
that is, stockpiling or buying more than needed (Redman,
2020e). Second, many customers open up to alternative shop-
ping modes, including delivery or curbside pickup, which
the Centers for Disease Control and Prevention (CDC) rec-
ommended in their guideline about safe grocery shopping
during the COVID-19 pandemic (CDC, 2020). A survey of
customers during the early days of the COVID-19 pandemic
found that near 80% of responders shifted to ordering gro-
ceries online (Redman, 2020a). As a result of these changes,
the anemic 3% share of online grocery shopping from pre-
COVID-19 surged to 12.5% (Statista, 2020b).

Grocery retailers react to these changes in several ways.
At the basic level, they can provide additional health mea-
sures to assuage customers’ concerns about the infection
risk while shopping (Pacheco, 2020). Examples of mea-
sures adopted during COVID-19 are reading customers’
vitals before entry, protective shields around high-contact sta-
tions, contactless checkout terminals, increasing frequency
of cleaning/sanitation, and provisioning for sanitizer/wipes
throughout stores (Bove & Benoit, 2020). While these mea-
sures help reduce the infection risk and make customers less
stressed about visiting grocery stores, they increase the cost
of serving customers.

Another major change grocery retailers can implement
under pandemic conditions is limiting store occupancy,
that is, the maximum number of customers allowed inside
the store. In the COVID-19 pandemic, local governments
required grocery retailers to alter their occupancy levels
to 20%–50% of their maximum to meet social/physical
distancing guidelines (Redman, 2020d). While effective in
their primary purpose, store occupancy limitations lower
the capacity of stores to serve grocery shoppers. Not
surprisingly, lines of customers waiting to enter grocery

stores became a common sight during the COVID-19 pan-
demic (Yang, 2020). A cascading impact of such service
capacity limitations is a further reduction in shopping fre-
quency, as customers find waiting in queues one of the
least satisfying aspects of the in-store shopping experience
(Browne, 2018).

Finally, grocery retailers may turn toward alternative oper-
ating modes in response to customers’ shopping behavior
changes, such as providing delivery and curbside pickup
services—the two commonly employed omnichannel strate-
gies during the COVID-19 pandemic (Redman, 2020b). With
the delivery service, online orders are delivered at customers’
doorsteps, whereas with the curbside pickup service, cus-
tomers travel to the store to pick up their prepacked orders.
Given that scaling up last-mile delivery capabilities requires
significant investment and time, many retailers partner with
third-party delivery platforms (e.g., Instacart and DoorDash)
for their foray into delivery service (Jia et al., 2021). These
platforms use gig-economy workers to offer doorstep delivery
by charging customers some delivery fee and charging retail-
ers a commission as a fraction of each order (Kang, 2020). On
the other hand, curbside pickup is relatively easier to deploy,
and retailers require minimal external support to implement
it (Dumont, 2019).

1.2 Research questions

One of the main concerns of grocery retailers under pandemic
conditions is staying profitable while facing many restric-
tions on their operations to ensure a safe environment for cus-
tomers and employees. In particular, there are concerns that
occupancy limitations (to comply with the social/physical
distancing guidelines) and the accompanying loss of service
capacity may reduce the number of served customers and
hence profitability (Antonucci, 2020). Thus, our first research
question is: How do occupancy limitations impact grocery
retailers’ store traffic and profit?

While online shopping appears attractive due to its lower
health concerns, carrying out fulfillment profitably remains
a significant challenge (Repko, 2020). Further, under the
pandemic conditions, the two common choices—delivery
by partnering with third-party delivery firms and curbside
pickup using internal resources—impose externalities on
in-store customers (Redman, 2020b; Sugar, 2020). Thus,
we ask the following: What are the impacts of adding the
delivery service or curbside pickup service on the store
traffic and retailer’s profit under occupancy limitations?
Furthermore, given grocery stores’ role in supplying food
for communities and their potential to become a hotspot for
disease spread (Szymkowiak et al., 2020), what are the impli-
cations of these operational changes on customers’ access
to grocery and the risk of disease spread inside grocery
stores?

To address these, we model the operations of a gro-
cery retailer under occupancy limitations and various oper-
ating modes by capturing the changes in customers’
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shopping behavior during a pandemic (like those documented
during COVID-19). Our economic models allow customers
to reduce their shopping frequency (due to the fear of infec-
tion and inconvenience of waiting) and practice bulk shop-
ping (spending more per shopping session). We consider the
single-channel in-store mode as the base operating mode.
For their prevalence during the COVID-19 pandemic, we
consider two omnichannel operating modes: (i) the delivery
mode, in which the retailer facilitates the service through a
partnership with a third-party delivery service provider, and
(ii) the curbside pickup mode, in which the retailer facilitates
the service by mainly using its internal resources.

Our analyses suggest that though occupancy limitations
reduce in-store foot traffic (which helps curb the disease
spread), they do not necessarily result in a profit decline. The
impact of such occupancy limitations depends on the interac-
tion of the customers’ bulk-shopping behavior, the retailer’s
health safety efforts, and the strictness of the occupancy lim-
itations. One intention of adding the delivery and curbside
pickup services is to reduce the infection risk in the stores.
However, these services could result in higher store traffic,
imposing higher risk on in-store customers and limiting their
access to groceries. In both the delivery and curbside pickup
operating modes, the presence of online customers creates an
externality on the in-store customers when stores face occu-
pancy limitations. Appropriate price premium and required
minimum shopping amount mitigate such negative externali-
ties. Overall our economic modeling analyses highlight vital
aspects of the operations of grocery retailers under pandemic
conditions. We consider additional modeling extensions and
analyze them numerically in Section 5.

2 LITERATURE REVIEW

We mainly contribute to two streams: (1) managing service
facilities during a pandemic and (2) omnichannel retailing
and services. We review these streams and highlight our
contributions.

2.1 Management of service facilities
during a pandemic

We contribute to the growing analytic research on various
issues related to the management of service facilities during
COVID-19, including interventions to curb the infection risk
inside such facilities. Shumsky et al. (2021) measure the effi-
ciency of facilitating the one-way movement of customers
inside grocery stores in lowering the risk of infection. Perl-
man and Yechiali (2020, 2021) propose metrics for the cus-
tomers’ infection risk in a grocery store where occupancy
limitations cause customers to line up in front of the store and
use the metrics to optimize staffing levels and store configu-
ration. Kang et al. (2022) use queueing-theoretic metrics to
measure infectious disease transmissibility inside congestion-

prone service facilities to explore the efficacy of various
interventions, such as limiting the occupancy of service facil-
ities and prioritizing high-risk customers.

The intervention that we focus on is the social/physical dis-
tancing store occupancy limitations, mainly because it was
imposed on the retail stores in most states in the United States
and has an immediate impact on the service capacity. Perl-
man and Yechiali (2020, 2021) also consider the impact of
occupancy limitations by focusing on the waiting time expe-
rience of customers when they shop in-store. We model mul-
tiple shopping modes and consider broader performance met-
rics such as store traffic and profitability. Thus, our approach
allows us to capture operational features of omnichannel set-
tings (as many retailers launched an online channel during
COVID-19) and compare the retail stores’ performance under
various operating modes in the presence of occupancy limita-
tions. Furthermore, using our analysis, we can also provide
high-level public health implications of the social/physical
distancing intervention by tracking how the grocery stores
traffic varies depending on the strictness of occupancy lim-
itations and the different operating modes.

2.2 Omnichannel retailing and services

We also contribute to the literature on the emerging issues
related to omnichannel retailing (Kumar et al., 2018). Belav-
ina et al. (2017) show that the best revenue structure for a
grocery retailer operating its delivery service depends on the
hassle of store visits, customers’ baskets size, and delivery
costs. Gao and Su (2017) show that by facilitating more con-
venient shopping and providing real-time information about
product availability, the buy-online-pickup-in-store (BOPS)
service could increase retailers’ demand when the hassle
of visiting the store is high. Gao et al. (2022) show that
omnichannel retailers’ decisions on the number and size of
their physical stores depend on the return rate of online pur-
chases and online shopping convenience degree. Hu et al.
(2021) investigate BOPS’ impact from an inventory perspec-
tive and show that it may benefit or hurt profitability depend-
ing on the cost associated with store visits and waiting time
for online orders.

Our models include factors that affect customers’ deci-
sions, including the abovementioned hassle of visiting the
store, delivery service cost, and waiting inconvenience. A dis-
tinguishing feature of our models is that they also incorporate
factors specific to the customers’ shopping behavior change
during a pandemic. For example, the perception of the infec-
tion risk from visiting a store affects shopping frequency for
in-store customers. Furthermore, as customers adjust their
shopping frequency, their basket size (or expenditure) also
changes accordingly; specifically, bulk shopping has been
documented extensively during previous pandemics and the
COVID-19 pandemic (Wang et al., 2020). To the best of our
knowledge, previous studies on economic models of single-
channel or omnichannel retailing did not explicitly model
these features.
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Another distinctive feature is that online customers in our
models impose an externality on in-store customers as the two
groups of customers share the service capacity under store
occupancy limitations. In that respect, our models are also
related to the literature on omnichannel services in which the
demand from one channel affects other channels. Gao and
Su (2018) show that omnichannel services, such as coffee
shops with self-ordering technologies, may reduce wait time
while attracting more demand. On the other hand, Wang et al.
(2018), Kang et al. (2020), and Roet-Green and Yuan (2020)
highlight that due to the externalities that online customers
impose, adding an online channel could increase wait times.
In this paper, we distinguish between two types of such exter-
nalities (i.e., congestion externality and capacity externality),
which emerge when the retailer adds delivery and curbside
pickup services, and we explain their impacts.

3 MODEL

We model the operations of a grocery retailer under vari-
ous single- and omnichannel operating modes by capturing
customers’ shopping behavior during a pandemic (such as
COVID-19). Grocery customers adopt less frequent physical
store visits due to the fear of infection, which increases their
tendency to shop more items in each shopping visit (Wang
et al., 2020). To assure customers about the safety of their
shopping, grocery retailers undertake various initiatives, such
as facilitating social/physical distancing by limiting the num-
ber of customers in the store (e.g., through a one-in, one-out
admission policy) (Bove & Benoit, 2020). This practice, how-
ever, limits the service capacity of grocery retailers and leads
to the waiting inconvenience for in-store shoppers—as evi-
dent by long lines outside grocery stores during the COVID-
19 pandemic (Yang, 2020).

Accordingly, we consider models where the retailer faces
social/physical distancing occupancy limitations. The result-
ing waiting inconvenience and infection risk associated with
in-store shopping affect customers’ in-store shopping behav-
ior. While some retailers continued to allow for only in-
store shopping, some retailers responded to these limitations
by expanding their presence in the online shopping market
by offering delivery or curbside pickup services (Redman,
2020b). Accordingly, we consider the following three oper-
ating modes for the retailer:

∙ In-store mode, in which the retailer does not offer delivery
or curbside pickup services. Thus, customers can shop only
by visiting the store.

∙ Delivery mode, in which the retailer offers delivery service.
Thus, customers can either shop by visiting the store or
shop online for their orders to be delivered.

∙ Curbside pickup mode, in which the retailer offers curbside
pickup service. Thus, customers can either shop by visiting
the store or shop online for curbside pickup of their orders.

In line with the observed trends (Unnikrishnan & Figliozzi,
2020), we consider that the retailer offers delivery service by
partnering with a third-party delivery firm (e.g., Instacart).
Also, as the curbside pickup service is easier to imple-
ment (Dumont, 2019), the retailer provides this service using
its resources. We elaborate our modeling choices for the cus-
tomers’ behavior in Section 3.1 and the retailers’ operations
in Section 3.2.

3.1 Customers’ shopping behavior

Based on the conceptual framework of household grocery
shopping behavior proposed in Bawa and Ghosh (1999), the
two main factors that characterize the shopping behavior
of grocery customers are their (1) shopping rate and (2)
expenditure. The shopping rate is the average number of
“shopping sessions”1 per unit time. The expenditure is the
average amount a grocery customer spends in one shopping
session. Customers’ decisions about these two factors are
primarily determined based on their consumption needs and
costs. Next, we elaborate on these modeling choices inxbrk
detail.

3.1.1 Modeling customers’ expenditure

We model customers’ average expenditure in a shopping ses-
sion as a function of their shopping rate 𝜆. As customers shop
less frequently, they purchase more in each shopping session,
on average (Bawa & Ghosh, 1999). In a rational purchas-
ing decision model, a reduction in the shopping rate would
result in a proportional increase in expenditure, ensuring con-
stant overall consumption. However, customers exhibit stock-
piling and panic buying during pandemics due to inherent
uncertainty about future shopping trips and product availabil-
ity (Hall et al., 2020).

We capture this bulk-shopping behavior by allowing a pro-
portional increase in expenditure. Hence, the retailer’s aver-
age gross profit R(𝜆) (i.e., revenue minus cost of goods sold)
per shopping session is to be more than the reduction in the
shopping rate. Motivated by the empirical specifications of
customers’ expenditure in Bawa and Ghosh (1999), one such
functional form is R(𝜆) = R0e𝜈(𝛼0−𝜆), where 𝛼0 and R0 are
the base shopping rate and the corresponding base average
gross profit per shopping session in the absence of any addi-
tional frictions that may reduce customers’ shopping rate.
The customers’ bulk-shopping tendency factor, 𝜈 > 0, reg-
ulates the sensitivity of the expenditure, hence gross profit,
to the shopping rate 𝜆. We note that our analyses and results
do not depend on a specific functional form for R(𝜆) as long
as 𝜆 × R(𝜆) is unimodal in 𝜆. For the above functional form,
we show that this property holds and discuss its implica-
tion on customers’ bulk-shopping behavior in Lemma 1 and
accompanying discussion.
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3.1.2 Modeling customers’ shopping rate

Since various shopping modes impose different costs on
customers, their shopping rates depend on their shopping
channel choice (Chintagunta et al., 2012). We distinguish
among the shopping rates of in-store, delivery, and curbside
pickup customers, and we denote them by 𝜆s, 𝜆d, and 𝜆c,
respectively. Due to various factors specific to each shop-
ping mode, which we discuss next, these shopping rates may
be lower than the base shopping rate, that is, 𝜆s < 𝛼0, 𝜆d <

𝛼0, and 𝜆c < 𝛼0. Next, we elaborate on how the shopping
rates 𝜆s, 𝜆d, and 𝜆c are determined.

In-store customers’ shopping rate
We consider that three key factors could influence 𝜆s dur-
ing a pandemic: (1) the perceived risk of infection associated
with physically visiting the store (Renner et al., 2020), (2) the
inconvenience of waiting (Chen et al., 2021; Gao & Su, 2018;
Yang, 2020), and (3) the hassle cost associated with traveling
to the store (Gao & Su, 2017). We elaborate on modeling each
of these factors below.

During a pandemic, customers are less willing to phys-
ically visit stores due to the risk of being infected after
coming close to other people (Renner et al., 2020). Retail-
ers can reduce this risk perception by undertaking measures
such as reading customers’ vitals before entry, increasing
sanitization, providing contactless checkout, and curtailing
shopping hours (Bove & Benoit, 2020). Accordingly, we con-
sider the in-store customers’ adjusted-shopping rate (dur-
ing the pandemic) to be a function 𝛼(𝜓) that depends
on the retailer’s health safety efforts level 𝜓. In our
numerical analyses, we use the concave increasing func-
tion 𝛼(𝜓) = 𝛼0 − (𝛼0 − 𝛼min)e−𝜓∕𝜂, where 𝛼min < 𝛼0 is then
shopping rate when the store exerts the minimum health
safety effort (i.e., 𝜓 = 0), and 𝜂 > 0 captures the pan-
demic severity (or, equivalently, the customers’ risk aver-
sion factor). In this function, 𝛼(𝜓) plateaus at 𝛼0 as the
health safety effort 𝜓 increases; as customers are more
risk averse (higher 𝜂), it requires higher levels of health
safety efforts to achieve a specific adjusted-shopping rate
𝛼(𝜓).

In addition to the health safety concerns, in-store cus-
tomers also experience disutility due to waiting associated
with in-store shopping and reduce their shopping rate in
response (Yang, 2020). In line with the existing models on the
impact of waiting times on the customers’ shopping rate (e.g.,
Gao & Su, 2018; Yuan et al., 2021), we consider that the wait-
ing time decreases the in-store customers’ shopping rate 𝜆s
linearly. Furthermore, following Gao and Su (2017), we let
the customers’ hassle h of physically visiting the store reduce
the in-store customers’ shopping rate 𝜆s linearly. Accord-
ingly, we express the in-store customers’ shopping rate as fol-
lows:

𝜆s =
(
𝛼(𝜓) − h − 𝛽wws

)+
, (1)

where 𝛽w > 0 is the customers’ sensitivity to waiting time,
and ws is the average wait a customer experiences during a
store visit (which we will explain in Section 3.2).

Delivery customers’ shopping rate
Since delivery customers do not visit the store physically,
they do not experience the associated hassle cost, the infec-
tion risk, or the inconvenience of the store waiting. How-
ever, on average, they experience a service waiting time wd,
the time lag between when they place their order and when
they have their groceries delivered. This service waiting time
depends on the supply and demand matching mechanisms
used by the third-party delivery platforms, and retailers do
not have any control over it. Customers can often schedule
a delivery window within a few hours of their order place-
ment. When customers set a delivery time window, the third-
party delivery firm facilitates the delivery before the end of
the scheduled time window. Thus, there is negligible stochas-
ticity in the waiting times after scheduling a delivery. For
this, and the fact that the delivery service times are beyond
the control of grocery retailers, we model the delivery service
waiting time wd as exogenous to the retailer’s decisions.

In addition to the waiting time, delivery customers need to
pay a premium pd. For example, Instacart charges $3.99 on
each delivery (Nickle, 2018), and customers are expected to
pay (and most indeed pay) a tip to the gig-economy shoppers
who deliver groceries (Smith, 2020). We model that the price
premium pd, like the delivery service waiting time wd, lin-
early reduces the delivery customers’ base shopping rate 𝛼0.
Another factor impacting the shopping rate of delivery cus-
tomers is the required minimum shopping amount imposed
by the third-party delivery firms. Let R

d
denote the average

gross profit per shopping session corresponding to the min-
imum delivery shopping amount; R

d
constrains the delivery

customers’ viable minimum shopping rate. Accordingly, we
express the shopping rate for delivery customers as:

𝜆d = min{(𝛼0 − 𝛽ppd − 𝛽′wwd)+,R−1(R
d
)}, (2)

where 𝛽′w < 𝛽w
2 and 𝛽p denote the delivery customers’ sen-

sitivities to the delivery service waiting time and delivery
premium, respectively. For simplicity of exposition, we refer
to R

d
as the minimum delivery shopping amount in the

remainder of the paper.

Curbside pickup customers’ shopping rate
Unlike delivery customers, curbside pickup customers need
to travel to the store and incur the associated hassle h
(like in-store customers). However, unlike in-store customers,
curbside pickup customers do not enter the store and are
not exposed to the infection risk. Like delivery customers,
curbside pickup customers also experience a service wait-
ing time wc, on average, which is the time lag between
when they place their order and when the order is ready
for curbside pickup. Motivated by several examples from
various grocery retailers, including Kroger, Safeway, and
Walmart (Masur, 2020), we consider that the grocery retailer
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implements the curbside pickup service using its resources
(rather than through a partnership). Therefore, we treat the
curbside pickup service waiting time as an endogenous vari-
able that depends on the retailer’s capacity allocation; we
elaborate more on the curbside pickup service waiting time
in Section 3.2.3

There are various ways that retailers implement the curb-
side pickup service. In most cases, they charge a service
premium pc, usually less than the delivery service pre-
mium pd (McGrath, 2019), or impose a minimum shopping
amount. Like how we operationalized the minimum deliv-
ery shopping amount, let R

c
denote the average gross profit

per shopping session corresponding to the minimum curb-
side pickup shopping amount. Then, we express the shopping
rate for curbside pickup customers as in Equation (3). In the
remainder of the paper, we refer to R

c
as the minimum curb-

side pickup shopping amount for simplicity of exposition.

𝜆c = min{
(
𝛼0 − h − 𝛽ppc − 𝛽′wwc

)+
,R−1(R

c
)}. (3)

3.1.3 Modeling customers’ shopping
channel choice

Customers’ choices for the shopping channel depend on the
retailer’s operating mode. Under the in-store mode, the only
available shopping option for customers is physically visiting
the store. Under the delivery mode, customers can either visit
the store or buy online for delivery. Customers can shop under
the curbside pickup mode by visiting the store or using the
curbside pickup service.

The focus in our primary model is on the retailer’s oper-
ations during a widespread pandemic, like COVID-19, in
which exogenous factors, such as age and other risk factors
based on prior diseases, are the main drivers for customers
to choose between in-store and online shopping (for delivery
or curbside pickup). Therefore, in the case that the grocery
retailer provides the delivery or curbside pickup services, we
consider that a fraction 𝜃d of customers under the delivery
mode (resp., 𝜃c under the curbside pickup mode) shop online,
and the remaining fraction �̄�d = 1 − 𝜃d (resp., �̄�c = 1 − 𝜃c)
continue shopping in-store. We allow for the possibility of
the retailer losing a fraction 𝜃s of its customer base if such
online services are not made available during the pandemic.
In other words, adding the delivery and (or) curbside pickup
services expand retailers’ customer base from �̄�s = 1 − 𝜃s
to 1. To include the possibility that some in-store customers
may opt to buy online after such services are available, we
allow 𝜃d ≥ 𝜃s and 𝜃c ≥ 𝜃s.

We note that our choice of modeling the total demand
through endogenizing the shopping rates (as we explained
in Section 3.1.2), but keeping 𝜃s, 𝜃d, and 𝜃c exogenous, is
consistent with the other papers that like our work model the
impact of congestion in omnichannel retailing (e.g., in Gao &
Su, 2018). Another alternative practice in some other papers,
which focus on different aspects of omnichannel retailing
rather than the impact of congestion, is to endogenize the

fraction of customers switching to online shopping but keep-
ing the shopping rate exogenous (e.g., in Gao & Su, 2017).
Note that both approaches endogenize the total demand. In
our numerical analysis in Section 5.1, we explore the sensi-
tivity of our results to varying values of 𝜃s, 𝜃d, and 𝜃c.

3.2 Retail store operations

We model the social/physical distancing guidelines to simul-
taneously restrict the number of customers allowed in the
store (denoted by n). Since the occupancy limitations cause
customers to wait at various stages of the shopping process
(before entering the store, accessing products in aisles, and
checking out), we model the waiting time experienced by in-
store customers (ws in Equation (1)) as the average sojourn
time of an M∕M∕1 queue with service rate n∕𝜏, where 𝜏 rep-
resents the average time a customer spends in the store in a
shopping session. This modeling choice is consistent with the
extant literature on the economic modeling of service opera-
tions (e.g., Anand et al., 2011; Yuan et al., 2021).

To distinguish between the parameters and variables under
the three operating modes (whenever necessary), we use
superscript “I” to represent the in-store only shopping mode,
superscript “D” to represent the delivery mode, and super-
script “C” to represent the curbside pickup mode. Thus, after
normalizing the market size to one, ws in Equation (1) for the
in-store and delivery modes follow:

wI
s =

1

n∕𝜏 − �̄�s𝜆
I
s

, (4)

wD
s =

1

n∕𝜏 −
(
𝜃d𝜆

D
s + 𝜃d𝜆d

) . (5)

It is implicit in Equations (4) and (5) that the average
shopping time 𝜏 does not change with the customers’ shop-
ping rates and remains the same across in-store and deliv-
ery customers. In practice, most activities in shopping do not
change with the basket size. For example, time for check-
ing out is much less sensitive to the number of items in the
cart (Wang & Zhou, 2018); similarly, shopping for online cus-
tomers is carried out by gig-economy workers who may not
be more efficient shoppers compared to in-store customers.
We consider a model extension to allow the average shop-
ping time to vary with the customer type and average expen-
diture per shopping session (and hence, the shopping rate) in
Section 5.

In contrast to the delivery service provided through third-
party firms, when the retailer provides the curbside pickup
service by deploying its internal capabilities—as imple-
mented by various retailers, including Kroger, Safeway, and
Walmart (Masur, 2020)—it might be necessary to divert
some of the resources from serving in-store customers to
carrying out the tasks of picking up and packing grocery
for curbside pickup customers. This reduces the available
staff to help the in-store customers with activities such as
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searching and finding grocery items and checking out. We
operationalize this capacity loss by allowing the average
time 𝜏c that the in-store customers spend in the store under
the curbside pickup mode to be longer than the average time 𝜏
they spend under the other two operating modes. Specifi-
cally, we let 𝜏c = (1 + f (x))𝜏, where the general function f
increases in the fraction x of the internal capacity used to
fulfill the curbside pickup orders. Thus, under the curbside
pickup mode, the average waiting time for in-store customers
is as follows:

wC
s =

1

n∕𝜏c − �̄�c𝜆
C
s

. (6)

As noted, grocery retailers can adopt various measures to
ensure customers’ health safety during a pandemic (Bove &
Benoit, 2020). Most of these measures are costly, and the
cost increases with the number of store visits. For exam-
ple, a larger store with higher daily traffic requires more
frequent cleaning and sanitization of the shopping carts and
surfaces and more disinfecting wipes and masks to hand out
to shoppers. We aggregate all safety-related costs and model
it as cost C(𝜓) incurred on each store visit, where C(𝜓)
is increasing in the health safety efforts 𝜓. Thus, we can
obtain the retailer’s profit rate (i.e., the average long-run profit
per unit time)4 by multiplying the in-store customers’ shop-
ping rate �̄�s𝜆

I
s with the net profit R(𝜆I

s) − C(𝜓) per shopping
session as in Equation (7), where the equilibrium shopping
rate 𝜆I

s is determined by solving Equations (1) and (4) (note
that we normalize the market size by setting it to one).

ΠI =
(
R(𝜆I

s) − C(𝜓)
)
�̄�s𝜆

I
s. (7)

Under the delivery mode, the retailer does not collect all
the revenue from online customers as the third-party delivery
firm retains a significant cut (Kang, 2020). Let 𝛾 denote the
fraction of the gross profit collected by the retailer. Therefore,
we express the retailer’s profit rate under the delivery mode
as in Equation (8), where the respective equilibrium shopping
rates 𝜆D

s and 𝜆d of the in-store and delivery customers are
determined by solving Equations (1), (2), and (5).

ΠD =
(
R(𝜆D

s ) − C(𝜓)
)
𝜃d𝜆

D
s +

(
𝛾R(𝜆d) − C(𝜓)

)
𝜃d𝜆d. (8)

As mentioned earlier, most grocery retailers handle the
curbside pickup service using their resources. Therefore,
they can retain all the revenue from the online sales stream
(unlike the delivery mode). However, they may need to hire
additional staff for fulfilling curbside pickup orders. We
use the systems’ volume-based capacity concept—introduced
in Allon and Federgruen (2007) and used in Yuan et al.
(2021)—to determine the total capacity 𝜇c required for ful-
filling the curbside pickup orders as follows:

𝜇c = 𝜃c𝜆c +
1

wc
, (9)

where the shopping rate 𝜆c for curbside pickup customers
follows Equation (3); therefore, 𝜇c depends on the curbside
pickup service premium pc, minimum shopping amount R

c
,

and expected pickup service waiting time wc. Equation (9)
ensures that the capacity 𝜇c meets the desired expected
pickup service waiting time wc set by the retailer—for exam-
ple, to match it with the service waiting time of the third-party
delivery platforms.

Suppose the retailer fulfills fraction x of required capac-
ity 𝜇c by deploying its current resources and fulfills the
remainder fraction 1 − x by hiring additional capacity at
marginal cost g. In that case, we can express the retailer’s
profit rate under the curbside pickup mode as Equation (10),
where the respective equilibrium shopping rates 𝜆C

s and 𝜆c of
the in-store and curbside pickup customers are determined by
solving Equations (1), (3), and (6).

ΠC =
(
R(𝜆C

s ) − C(𝜓)
)
�̄�c𝜆

C
s + (R(𝜆c) + pc)𝜃c𝜆c

− (1 − x)g𝜇c. (10)

In the remainder of the paper, we suppress dependencies
of the notations to the parameters unless ambiguous; specifi-
cally, we denote 𝛼 := 𝛼(𝜓) − h and C := C(𝜓) for the ease of
the exposition of expressions. We provide the list of notations
used in this paper in Table EC.1.

4 MODELS ANALYSES AND RESULTS

This section presents our main findings on how the
social/physical distancing occupancy limitations impact the
retailer’s store traffic and profit under the three operating
modes. As the retailer’s profit depends critically on the store
traffic (Perdikaki et al., 2017), we begin our analyses by
exploring the relationship between the customers’ shopping
rate 𝜆 and function 𝜆(R(𝜆) − C), the common building block
of the profit functions (7), (8), and (10) under the three oper-
ating modes.

As customers shop less frequently (i.e., lower 𝜆), the
overall risk of virus transmission inside the store reduces.
However, the potential downside is that it could hurt the
grocery retailer’s profit. On the other hand, less frequent
shopping invokes bulk-shopping behavior causing customers
to spend more per shopping session (i.e., higher average
gross profit R(𝜆) per session). In Lemma 1, we charac-
terize the net effect of these two opposing forces on the
function 𝜆(R(𝜆) − C), using it to derive some of our later
results. We relegate all the proofs and technical details to the
e-companion.

Lemma 1. For R(𝜆) = R0e𝜈(𝛼0−𝜆), the function 𝜆(R(𝜆) −
C) is unimodal in 𝜆. Let the threshold value 𝜆∗ =

arg max𝜆{𝜆(R(𝜆) − C)}, then 𝜆(R(𝜆) − C) is increasing
for 𝜆 < 𝜆∗ and decreasing for 𝜆 > 𝜆∗.

We can explain the unimodal structure, outlined in
Lemma 1, in terms of how the customers’ expenditure and
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retailer’s profit change as the shopping rate 𝜆 decreases.
Due to the bulk-shopping behavior, as customers shop less
frequently (i.e., lower shopping rate 𝜆), they purchase larger
baskets in each shopping session (which implies larger R(𝜆)).
The joint influence of these two opposing factors on the
function 𝜆(R(𝜆) − C) depends on whether the increase in the
average expenditure (hence, gross profit R(𝜆)) per shopping
session is higher or lower in proportion to the change in the
shopping rate 𝜆.

When customers frequently shop (i.e., the shopping rate 𝜆
is large), they purchase smaller baskets in each shopping ses-
sion. In this case, as they start shopping less frequently (i.e.,
as 𝜆 decreases), for example, due to the fear of infection risk,
their average expenditure per session (hence, R(𝜆)) increases
more than proportionally because the bulk-shopping behav-
ior becomes more evident. Consequently, the impact of bulk
shopping dominates (which we refer to through the rest of
the paper as bulk shopping being significant), and the func-
tion 𝜆(R(𝜆) − C) increases as 𝜆 decreases from its high levels.

However, when customers do not frequently shop (small
values of the shopping rate 𝜆), the impact of the bulk-
shopping behavior on the average expenditure per session
(hence, R(𝜆)) is already strong. In this case, a further decrease
in the shopping rate 𝜆 is accompanied by a proportionally
smaller increase in R(𝜆). This can be attributed to the fact
that the further rise in the already-large shopping baskets is
limited by the customers’ budget/space constraints. Conse-
quently, the impact of the shopping rate dominates, and the
function 𝜆(R(𝜆) − C) decreases as 𝜆 decreases.

4.1 Impact of social/physical distancing
store occupancy limitations

The occupancy limitations in response to social/physical dis-
tancing guidelines have several implications for retailers and
the community. First, from a public-health perspective, lim-
iting the store occupancy effectively reduces the pandemic
spread in retail and grocery stores (NYS Department of
Health, 2020). On the other hand, such limitations and the
consequent loss of store traffic could impact the retailers’
profit. In Sections 4.1.1 and 4.1.2, we focus on the impact
of social/physical distancing on the grocery retailer’s store
traffic and profit, respectively.

4.1.1 Impact of store occupancy limitations
on store traffic

Occupancy limitations influence the shopping rate of in-
store customers. Such occupancy limitations create waiting
inconvenience for in-store customers causing them to adjust
their shopping rates accordingly—a widespread phenomenon
reported during COVID-19 (Kasprzak, 2020). Since in-store
customers are the common component of the store traffic
under the three operating modes, their equilibrium shopping
rates under occupancy limitations, as we obtain in Lemma 2,

determine the store traffic and its implications on the infec-
tion risk and profit.

Lemma 2. The equilibrium shopping rates of in-store cus-
tomers follow Equations (11)–(13) under the in-store, deliv-
ery, and curbside pickup modes. The equilibrium in-store
and overall shopping rates decrease as occupancy limitations
become stricter (smaller values of n).

𝜆I
s =

1

2�̄�s

(
�̄�s𝛼 +

n
𝜏
−

√(
�̄�s𝛼 −

n
𝜏

)2
+ 4𝛽w�̄�s

)
, (11)

𝜆D
s =

1

2𝜃d

(
𝜃d𝛼 − 𝜃d𝜆d +

n
𝜏
−

√(
𝜃d𝛼 + 𝜃d𝜆d −

n
𝜏

)2
+ 4𝛽w𝜃d

)
, (12)

𝜆C
s =

1

2�̄�c

⎛⎜⎜⎝�̄�c𝛼 +
n
𝜏c

−

√(
�̄�c𝛼 −

n
𝜏c

)2

+ 4𝛽w�̄�c

⎞⎟⎟⎠. (13)

Lemma 2 confirms the expected dynamics of our models:
Stricter occupancy limitations result in lower store traffic in
all operating modes. However, the store traffic reduction is
not proportional to the decline in the store occupancy limit n.
From Equations (11)–(13), it can be shown that the shop-
ping rates of in-store customers 𝜆I

s, 𝜆
D
s , and 𝜆C

s are concave
increasing in the store occupancy limit n (i.e., d2𝜆i

s∕dn2 <

0, i ∈ {I,D,C}); that is, by a decrease in the store occupancy
limitation, the store traffic decreases less proportionally, and
more meaningful reductions in the store traffic can only be
achieved when the store limits are severe. This shows that
occupancy limitations need to be strict for the social/physical
distancing protocols to efficiently control store traffic and the
spread of contagion in grocery stores. This could explain
why some local government protocols target limiting gro-
cery stores occupancy to 20%–30% of their maximum capac-
ity (Redman, 2020d).

The shopping rates of in-store customers (Equations (11)–
(13)) and, hence, the store traffic under all operating modes
are concave increasing in the grocery retailer’s health safety
efforts (i.e., d𝜆i

s∕d𝜓 > 0 and d2𝜆i
s∕d𝜓2 < 0, i ∈ {I,D,C}).

Therefore, if grocery retailers are concerned by their loss
of foot traffic due to occupancy limitations, a remedy is to
practice safe shopping measures and signal them to their cus-
tomers. Such measures increase foot traffic from in-store cus-
tomers (Moran, 2021) and generate more revenue for the
retailer. At the same time, they control the contagion spread
to some extent. The downside is that the cost of such safety
measures could be high (Pacheco, 2020).

It is also worth noting that the in-store traffic and the mix
of customers forming that traffic depend on the retailer’s
operating mode. Rearranging Equations (11)–(13) results in
respective Equations (14)–(16), which imply that shopping
rates of in-store customers are adjusted such that the in-
store service capacity (n∕𝜏 under the in-store and delivery
modes and n∕𝜏c under the curbside pickup mode) matches
the traffic from those who enter the store augmented by some
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safety capacity:

n
𝜏
= �̄�s𝜆

I
s +

𝛽w

𝛼 − 𝜆I
s

, (14)

n
𝜏
=
(
𝜃d𝜆

D
s + 𝜃d𝜆d

)
+

𝛽w

𝛼 − 𝜆D
s

, (15)

n
𝜏c

= �̄�c𝜆
C
s +

𝛽w

𝛼 − 𝜆C
s

. (16)

Under the in-store and curbside pickup modes, only in-
store customers enter the store (explaining �̄�s𝜆

I
s and �̄�c𝜆

C
s in

the right-hand sides of Equations (14) and (16)), whereas,
under the delivery mode, delivery customers also add to
the traffic entering the store as their orders are fulfilled by
gig-economy workers who shop on their behalf (explain-
ing 𝜃d𝜆

D
s + 𝜃d𝜆d in the right-hand side of Equation (15)).

Under the delivery mode, in-store and online customers
share the service capacity n∕𝜏. Therefore, delivery customers
impose an externality on the in-store customers. If they shop
more frequently, in-store customers will shop less frequently.
We refer to this as the congestion externality and elaborate
on its consequence in Section 4.2. Under the curbside pickup
mode, pickup customers do not enter the store; however, they
limit the capacity available to in-store customers (n∕𝜏c < n∕𝜏
in Equations (14) and (16) as 𝜏c > 𝜏). This imposes another
type of externality on in-store customers, which we refer to
as capacity externality, and we elaborate on its consequences
in Section 4.3.

4.1.2 Impact of store occupancy limitations
on retailer’s profit

By reducing the store foot traffic, occupancy limitations
help control the contagion spread inside grocery stores,
but they negatively impact shopping rates, as confirmed by
Lemma 2. This reduction in traffic raises an immediate
concern about the retailers’ profitability (Antonucci, 2020).
Hence, in Proposition 1, we show how the occupancy limita-
tions affect the retailer’s profit.

Proposition 1. Under stricter occupancy limitations (i.e., a
smaller n), the profit under each operating mode may some-
times increase (dΠi∕dn < 0, i ∈ {I,D,C}), even though the
store traffic always decreases. Specifically, this happens when
the adjusted base shopping rate is above a threshold (i.e., 𝛼 >
𝜆∗) and the store occupancy limit n is above a threshold char-
acterized by 𝜆i

s = 𝜆∗.

As a consequence of the imposition of social/physical dis-
tancing under COVID-19, it has been speculated that the
store traffic reduction will result in lower profits for retail-
ers (Antonucci, 2020). However, Proposition 1 lays out a sit-
uation in which occupancy limitations control the disease by
reducing store foot traffic and resulting in higher profit for
grocery retailers.

This counterintuitive result can be explained by consid-
ering customers’ bulk-shopping behavior. As follows from
Lemma 2, the equilibrium in-store customers’ shopping
rates 𝜆I

s, 𝜆
D
s , and 𝜆C

s indeed decrease as the store occupancy
limit n decreases (i.e., d𝜆i

s∕dn > 0, i ∈ {I,D,C}). However,
the effect of this shopping rate change on the retailer’s profit
depends on whether the shopping rate is below or above the
threshold value 𝜆∗ (Lemma 1). When the adjusted base shop-
ping rate 𝛼 and store occupancy limit n are higher than their
thresholds (as specified in Proposition 1), in-store shopping
rates are high. In this case, a reduction in the shopping rate
due to stricter occupancy limitations is compensated by a pro-
portionally higher increase in the customers’ expenditure per
shopping session (i.e., more significant bulk shopping), which
increases the retailer’s profit.

In light of this explanation, it is natural to ask whether
customers exhibit the bulk-shopping behavior and whether
it sustains during a pandemic. As the empirical findings in
Bawa and Ghosh (1999) suggest, customers indeed increase
their expenditure more than proportionally as they reduce
their shopping rate. Also, recent anecdotal and empirical evi-
dence points to the increased bulk-shopping behavior dur-
ing COVID-19: For example, a survey shows that 42%–64%
of customers buy goods in bulk in response to pandemic
conditions (PWC, 2020). Another study shows that Amer-
icans’ average weekly grocery spending increased by 17%
during the COVID-19 pandemic, compared to the prepan-
demic period, despite making fewer shopping trips (CISION,
2020a).

Our findings in Proposition 1 mitigate the grocery retail-
ers’ concern about the negative impact of occupancy
limitations on their profit (Antonucci, 2020). However, this
assurance does not apply when the adjusted base shopping
rate 𝛼 is small (bulk-shopping behavior is not significant,
i.e., 𝛼 < 𝜆∗), or the occupancy limit n is very strict. Under
these conditions, a reduction in the shopping rate is not ade-
quately compensated by an increase in the expenditure per
shopping session. As a result, the retailer’s profit decreases
as occupancy limitations become stricter.

It is also worth noting that the observation from Propo-
sition 1 that the retailer may experience lower traffic and
higher profit simultaneously is in contrast to the positive asso-
ciation between traffic and sales explored in the past liter-
ature (Chuang et al., 2016; Lam et al., 1998). This can be
attributed to the fact that these papers focus on nongrocery
retailing, in which bulk shopping may not be a factor. In
line with our model, Perdikaki et al. (2017) allow sales to
decrease with store traffic at high store traffic levels. Conse-
quently, they find it is not optimal to increase the advertising
budget (which boosts store traffic) when advertising is more
effective.

The store occupancy limit n is, to a great extent, an exoge-
nous operational factor imposed on grocery retailers. As
mentioned earlier, grocery retailers were required to reduce
their occupancy by 20%–50% of their maximum capac-
ity during the COVID-19 pandemic (NYS Department of
Health, 2020; Redman, 2020d). Therefore, retailers do not
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control parameter n that captures store occupancy. However,
their strategic position could determine whether or not they
will fall in the category that will observe profit increase
after imposing occupancy limitations. In Corollary 1, we
link two characteristics of a grocery retailer, namely, cus-
tomers’ bulk-shopping tendency (parameter 𝜈 in the func-
tional form R(𝜆) = R0e𝜈(𝛼0−𝜆)) and health safety effort level
(parameter 𝜓), to how the occupancy limitations may impact
its profit.

Corollary 1. Grocery retailers are more likely to observe a
profit increase after the imposition of occupancy limitations
when: (i) they have customers with a higher bulk-shopping
tendency (i.e., higher 𝜈), or (ii) they practice more health
safety efforts (i.e., higher 𝜓).

Given the role of the bulk-shopping behavior in explain-
ing Proposition 1, the effect of bulk-shopping tendency 𝜈

on whether the retailer’s profit increases with the occu-
pancy limitations (as specified in Proposition 1) is along the
expected direction. Specifically, the threshold value 𝜆∗, which
determines whether the retailer’s profit increases after occu-
pancy limitations, decreases as 𝜈 increases (i.e., d𝜆∗∕d𝜈 <
0). In other words, the significance of the bulk-shopping
behavior (i.e., the more than proportional increase in
customers’ expenditure with reduced shopping rate) pre-
vails for a broader range of adjusted base shopping
rates.

The effect of higher health safety efforts on whether the
retailer’s profit increases with occupancy limitations is less
obvious. We can explain this by noting two changes that
accompany an increase in the retailer’s health safety effort
level 𝜓: First, as the cost C is increasing in 𝜓, a higher
health safety effort increases the marginal cost of serving
each customer, which results in the threshold value 𝜆∗ to
decrease. Second, due to the lower risk of infection resulting
from higher safety efforts, the adjusted base shopping rate 𝛼
increases as customers have more confidence in the safety
of their shopping. As a result of these changes, the signifi-
cance of the bulk-shopping behavior, which occurs when 𝛼 >
𝜆∗, prevails for a broader range of adjusted base shopping
rates.

Proposition 1 suggests that in the case of more severe pan-
demics, a retailer should not be wary of embracing measures
to ensure social/physical distancing inside the store (limit-
ing the store occupancy) since these conditions are likely
to result in an increased bulk-shopping behavior among cus-
tomers. Retailers may also devise other strategies that inten-
sify bulk shopping, for example, by adopting assortment deci-
sions that favor larger product packages. Proposition 1 also
suggests that an efficient strategy to mitigate the risk of losing
profit under occupancy limitations is to practice high levels
of health safety efforts, explaining significant investments in
such measures by many grocery retailers during the COVID-
19 pandemic (Pacheco, 2020).

4.2 Impact of offering delivery service

In the face of customers’ fear of becoming infected while
shopping in stores and the stores’ social/physical distancing
occupancy limitations, many retailers sought to provide deliv-
ery service during the COVID-19 pandemic as a safer shop-
ping option, especially for more susceptible customers (Kim,
2020). While in-store shopping remained the most com-
mon form of grocery shopping, the use of delivery services
surged substantially during COVID-19. According to a sur-
vey, 62% of grocery shoppers continued shopping in-store,
while 12% relied on delivery services during the COVID-19
pandemic (CISION, 2020b).

Most retailers cannot carry out delivery operations them-
selves, and the general approach is to partner with third-party
delivery services, like Instacart (Jia et al., 2021). While this
strategy allows retailers to scale their presence in delivery and
boost sales under normal circumstances (Redman, 2020c),
the study of the impact of such a strategy on the store traffic
and retailers’ profit in the presence of occupancy limitations
deserves attention, which we examine in Sections 4.2.1 and
4.2.2.

4.2.1 Impact of delivery service on store
traffic

According to Lemma 2, the occupancy limitations reduce the
shopping rates and store traffic under the in-store mode. Pro-
viding the delivery service brings another dimension affect-
ing the store traffic. The adoption of delivery services by
grocery retailers surged after the COVID-19 pandemic in
response to the high interest in this service. Nearly 80% of
the American grocery shoppers used the delivery (or pickup)
service after the COVID-19 pandemic, and more than half of
the users of such services increased their online shopping fre-
quency after the pandemic (Redman, 2020a).

Though the delivery service provides safe shopping for
customers who are willing to pay the delivery premium, the
impact on the store traffic in the presence of occupancy lim-
itations is not clear. Not only the store traffic could impact
the in-store customers’ (those who are not willing to pay the
delivery premium) shopping satisfaction, but it also has impli-
cations on their access to groceries and the disease spread
inside retail stores (Sugar, 2020). In Proposition 2, we show
whether offering the delivery service reduces the store traffic.

Proposition 2. Under occupancy limitations, adding
the delivery service may sometimes increase store traf-
fic (i.e., 𝜃d𝜆

D
s + 𝜃d𝜆d > �̄�s𝜆

I
s) despite reducing in-store cus-

tomers’ shopping rates (i.e., 𝜆D
s < 𝜆I

s) and their contribu-
tion to the store traffic (i.e., �̄�d𝜆

D
s < �̄�s𝜆

I
s). Specifically, this

occurs if the delivery premium and the minimum shopping
amount are not sufficiently high (i.e., pd < (𝛼0 − 𝜆I

s�̄�s∕𝜃d −

𝛽′wwd)∕𝛽p and R
d
< R(𝜆I

s�̄�s∕𝜃d)).
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Though adding online channels in nongrocery retail set-
tings has been shown to reduce store traffic (Hernant &
Rosengren, 2017), this might not be the case in a gro-
cery retail setting under occupancy limitations, as noted in
Proposition 2. The proposition follows from the fact that the
demand from delivery customers directly contributes to the
store congestion, as their orders still need to be fulfilled by
the gig-economy workers who enter the stores to shop on
their behalf. Under normal conditions, when retailers do not
have occupancy limitations (beyond their nominal capacity),
demand from delivery customers imposes minimal effect on
in-store customers. However, under occupancy limitations,
delivery customers impose a congestion externality on in-
store customers because in-store and delivery customers have
to share the limited available capacity.

Suppose delivery premium and the minimum requires
shopping rate are not sufficiently high (i.e., pd < (𝛼0 −

𝜆I
s�̄�s∕𝜃d − 𝛽′wwd)∕𝛽p and R

d
< R(𝜆I

s�̄�s∕𝜃d)). Then, their
convenience-driven frequent shopping of delivery customers
will increase the overall store traffic (with those conditions,
we will have 𝜃d𝜆d > �̄�s𝜆

I
s) and force in-store customers to

decrease their shopping rates due to higher wait times and
infection risk. The impact of congestion externality on in-
store customers could be severe because delivery customers
face neither the inconvenience of waiting nor the infection
risk themselves. This congestion effect is evident in the grow-
ing frustration of in-store customers about stores overcrowd-
ing due to the abundance of gig-economy shoppers picking
products on behalf of delivery customers (Haddon & Kang,
2019). Due to their apparent advantages, the increased pop-
ularity of delivery services exacerbated this effect during the
COVID-19 pandemic (Sugar, 2020).

From a public health perspective, Proposition 2 implies
that the popularity of delivery services could lead to higher
stores traffic (if the delivery premium and the minimum
required shopping amount are not properly set), resulting
in a higher rate of disease spread inside grocery stores and
eventually in communities. Though delivery service is a safe
shopping option for those customers who use it, the over-
all impact on public health could be damaging. Furthermore,
there have been concerns about the higher infection risk for
delivery workers due to the nature of their work, as they can-
not always ensure social/physical distancing in stores (Rani
& Dhir, 2020).

Thus, when retailers make partnership decisions with third-
party firms, two levers to control the impact of delivery
demand surge on the store traffic under occupancy limitations
are the delivery premium and the minimum required shopping
amount. Both must be sufficiently high, so they do not cause
the negative implications of congestion externality, such as
limiting the in-store customers’ access to groceries, inferior
in-store customer satisfaction due to overcrowding and long
wait times, and a higher risk of infection. Of course, the deliv-
ery premium and the minimum required shopping amount
also impact the retailers’ profit. The best-case scenario is
that the retailer hinders all negative implications of conges-
tion externality and can obtain higher profit under occupancy

limitations. Next, we explore the impact of offering delivery
service on the retailers’ profit in the presence of occupancy
limitations.

4.2.2 Impact of delivery service
on retailer’s profit

Proposition 2 highlights the challenge retailers face when
introducing the delivery service in the presence of occupancy
limitations. Retailers hope to give an alternative shopping
channel for some of their customers. This may boost the over-
all demand but could adversely impact the shopping rate of
in-store customers. As the shopping rates of customers who
continue shopping in-store and those who switch to online
shopping change under the delivery mode (compared to the
shopping rates under the in-store mode), their expenditure
per shopping session also changes. We show in Proposition 3
that the net effect of these changes could lower the retailer’s
profit under the delivery mode in the presence of occupancy
limitations.

Proposition 3. Under occupancy limitations, adding the
delivery service may reduce the retailer’s profit, even when it
increases the profit in the absence of occupancy limitations

if 𝜃s is below a threshold (i.e., 𝜃s ≤ �̄�d(1 −
(R(𝜆D

s )−C)𝜆D
s

(R(𝜆∗)−C)𝜆∗
)).

Specifically, this happens when the adjusted base shopping
rate is above the threshold value (i.e., 𝛼 > 𝜆∗), the deliv-
ery premium pd is within a range (i.e., pd ∈ ((𝛼0 − 𝛼 −

𝛽′wwd)∕𝛽p, (𝛼0 − 𝛼 − 𝛽′wwd)∕𝛽p), and the minimum shopping
amount is not adequately high (i.e., R

d
< R(𝛼)), where 𝛼 < 𝛼

satisfies (R(𝛼) − C)𝛼 = (R(𝛼) − C)𝛼.

The widespread adoption of delivery services by grocery
retailers during the COVID-19 pandemic might give the
impression that this strategy always helps retailers overcome
the possible demand and profit reduction due to customers’
fear of contagion with in-store shopping (Sugar, 2020). How-
ever, Proposition 3 shows that this is not always the case
under occupancy limitations. We can explain this finding
as follows. In the absence of occupancy limitations, adding
the delivery service may result in higher profit when cus-
tomers’ bulk-shopping behavior is significant (i.e., 𝛼 > 𝜆∗).
Specifically, this occurs if the delivery premium and the min-
imum required shopping amount are such that customers who
switch to the delivery service shop at a rate that amplifies
their bulk-shopping behavior, resulting in an increased profit
accrued from them.

However, in the presence of occupancy limitations, offer-
ing the delivery service creates a congestion externality
causing in-store customers to lower their shopping rates,
as we showed in Proposition 2. When 𝛼 > 𝜆∗ (the bulk-
shopping behavior is already significant), though in-store
customers’ lower shopping rate could marginally signify
the bulk-shopping effect more, it cannot compensate for the
effect of lower shopping rates. On the other hand, those
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customers who begin using the delivery service could gener-
ate lower profit than when shopping in-store, as they might
start shopping more frequently if the delivery premium or
the required minimum shopping amount is not properly set.
Therefore, the severe congestion externality on one side and
the attenuation of the delivery customers’ bulk shopping from
the other side could lower the retailer’s profit after adding the
delivery service in the presence of occupancy limitations. Of
course, if a significant fraction of customers stop shopping
in the absence of delivery service (i.e., 𝜃s is too large),
adding the delivery service will result in higher profit for the
retailer.

The potential downsides of adding the delivery service
on the retailers’ profit in the presence of occupancy lim-
itations could be even more pronounced for two reasons:
First, in Proposition 3, we consider that the retailer retains
all the profit from the online sales through the delivery ser-
vice (i.e., 𝛾 = 1). However, the third-party firms that pro-
vide delivery services usually retain a significant portion
of the retailers’ profit (i.e., 𝛾 < 1). For example, Instacart
charges a commission of more than 10% on each order (Kang,
2020). Second, as the pool of customers under the delivery
mode changes to a mix of in-store and online customers, the
cross-selling opportunity to in-store customers reduces, fur-
ther lowering the retailer’s profit (Eley & McMorrow, 2020).

In summary, adding the delivery service under occupancy
limitations reduces the shopping rate of in-store customers
but increases the shopping rate of online customers and may
increase the overall shopping rate. The combined effect of the
delivery premium, the minimum required shopping amount,
and occupancy limitations on the shopping rates may result in
the retailer losing the opportunity to benefit from in-store cus-
tomers’ bulk-shopping behavior and earning lower profit. In
the absence of the retailer’s control on the delivery premium
or the minimum delivery shopping amount, partnering with
third-party delivery services may not be a reasonable strate-
gic decision.

The growing literature on omnichannel retailing has pri-
marily assumed that retailers’ foray into delivery is prof-
itable due to market expansion, that is, selling products online
allows the retailer to attract new customers (Brynjolfsson
et al., 2009). In the grocery retailing context during a pan-
demic, the interest in delivery services is instead driven by
the customers’ preference shift from in-store shopping to the
safer delivery option (Wang et al., 2020). Under these con-
ditions, our results shed light on how delivery services could
affect the shopping behavior of in-store customers. In Sec-
tion 5.1, we investigate the impact of market expansion after
adding the delivery service in our model.

4.3 Impact of offering curbside
pickup service

Curbside pickup service is another strategy adopted by retail-
ers during the COVID-19 pandemic to mitigate the poten-
tial negative consequences on demand and profit. Curbside

pickup is similar to the popular BOPS service employed by
many large non-grocery retailers (Gallino & Moreno, 2014;
Song et al., 2020). Curbside pickup became more popular
than BOPS during the pandemic as it provided a high level
of protection for customers and staff by minimizing person-
to-person contact. Compared to the delivery service, curbside
pickup is a more straightforward strategy for retailers as it
does not always require a high amount of new infrastructure
investment (Meyer, 2020). Furthermore, partnerships needed
for executing curbside pickup are much less demanding; for
example, online shopping platforms like Shopify allow retail-
ers to take curbside pickup orders for a modest monthly
fee (Hensel, 2020). We analyze the effect of adding this ser-
vice on the store traffic and the retailer’s profit under occu-
pancy limitations in Sections 4.3.1 and 4.3.2, respectively.

4.3.1 Impact of curbside pickup service
on store traffic

The curbside pickup service possesses fundamentally differ-
ent characteristics than the delivery service that its addition
warrants separate investigation. Unlike the delivery mode,
online customers under the curbside pickup mode do not
directly create extra store congestion (as they do not enter
the store). Nevertheless, they contribute indirectly to the store
congestion by occupying some of the staff capacity who now
need to perform fulfillment activities, such as picking and
assembling curbside pickup orders. As a result, less staff
help is available for the in-store customers (Lesavage &
Maak, 2021), extending the average time 𝜏c they spend in the
store if the retailer satisfies fraction x of the required capac-
ity for curbside pickup using its current resources (as men-
tioned in Section 3.2, we can use an increasing function in x,
like 𝜏c = (1 + f (x))𝜏, to connect 𝜏c, 𝜏, and x). The average
time 𝜏c should not be overextended, as the resulted capac-
ity loss will be too severe that customers are not willing to
shop in-store due to its inconvenience. We address the impact
of curbside pickup service on the in-store traffic under occu-
pancy limitations in Proposition 4.

Proposition 4. In the presence of occupancy limitations,
adding the curbside pickup service may result in a decline
in the shopping rate of in-store customers (i.e., 𝜆C

s < 𝜆I
s),

which in turn reduces the store traffic (i.e., �̄�c𝜆
C
s < �̄�s𝜆

I
s).

Specifically, this occurs if the resulted service capacity loss
is beyond a threshold (i.e., n∕𝜏 − n∕𝜏c > (�̄�s − �̄�c)𝜆C

s ).

Past research on BOPS has highlighted increasing store
traffic (Gallino & Moreno, 2014). However, we show in
Proposition 4 that the curbside pickup service could reduce
the store traffic under occupancy limitations. In this case,
the demand from curbside pickup customers imposes an
externality on in-store customers who experience wait dur-
ing their shopping. As opposed to the delivery mode, this
capacity externality manifests itself through the loss of ser-
vice capacity if the capacity required for curbside pickup is
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primarily allocated using the current resources. The service
capacity loss could be so severe (specifically, n∕𝜏 − n∕𝜏c >

(�̄�s − �̄�c)𝜆C
s ) that it creates inconvenience of longer waits

for in-store customers under occupancy limitations, reduc-
ing their shopping rate and potentially limiting their access
to grocery shopping.

As we mentioned earlier, the externalities imposed on in-
store customers under the delivery mode could be associated
with their dissatisfaction with stores overcrowding during the
COVID-19 pandemic (Sugar, 2020). Similarly, though offer-
ing the curbside pickup service provides convenient and safe
shopping for those customers who adopt it, it could negatively
impact the in-store customers’ shopping rate if the capacity
is not allocated properly between the two channels. Adding
capacity by hiring more staff can mitigate the capacity exter-
nality under the curbside pickup mode. However, such a strat-
egy has cost implications for the retailer, depending on the
required service capacity 𝜇c and the fraction x of the required
capacity filled by the current resources (we elaborate on this
issue in Section 4.3.2).

In our earlier discussion about the delivery mode (in Sec-
tion 4.2.1), we noted that the higher in-store traffic could
attribute to a higher risk of disease spread (compared to the
in-store mode). However, it is not reasonable to connect the
in-store traffic and the risk of infection (to compare the curb-
side pickup and in-store modes) because the risk of disease
spread in confined-space service facilities depends both on
the store traffic and how long customers spend in a store,
among other factors (Stadnytskyi et al., 2020; Tupper et al.,
2020). In comparing the in-store and delivery modes, the
duration of time customers spend in the store is the same
(on average, 𝜏 units of time). However, the curbside pickup
service impacts the store traffic (as shown in Proposition 4)
and results in a longer in-store duration (on average, 𝜏c > 𝜏).
In Section 5.1, we numerically explore the implication of the
interaction of the store foot traffic and the time that customers
spend in the store on the infection risk of in-store customers.

4.3.2 Impact of curbside pickup service
on retailer’s profit

Like the delivery service, adding the curbside pickup service
under occupancy limitations could have opposing impacts on
the operations of the grocery retailer. Though the curbside
pickup service may boost the overall demand, it may also
reduce the shopping rate of in-store customers if it results
in a substantial capacity externality (Proposition 4). We show
in Proposition 5 that by properly setting the curbside pickup
premium and minimum shopping amount requirement, the
curbside pickup could overcome its potential disadvantages
and result in a higher profit than the other two operating
modes.

Proposition 5. Under the curbside pickup mode and occu-
pancy limitations, the retailer can achieve a higher profit
compared to the other two operating modes by choosing

an appropriate pair (pc,Rc
) for the curbside service pre-

mium and minimum shopping amount as long as the health
safety efforts level 𝜓 is above a threshold; specifically, 𝜓 >

C−1(
(1 − x)g𝜇c

𝜃c𝜆
C
s

) for ΠC > ΠI , and 𝜓 > C−1(
(1 − x)g𝜇c

𝜃𝜆d
)

for ΠC > ΠD when 𝜃c = 𝜃d = 𝜃.

Proposition 5 highlights that curbside pickup mode can
earn the retailer higher profit than the in-store and delivery
modes at sufficiently high health safety efforts. To explain
this, note that all customers contribute to the health safety
costs under both in-store and delivery modes.5 When the
health safety efforts level 𝜓 is high, the associated cost
reduces the profit under the in-store and delivery modes.
However, under the curbside pickup mode, those customers
who use the service do not contribute to the store traffic as
they do not enter the store. Therefore, health safety initia-
tives need to be provided only for in-store customers. Thus,
retailers save on health safety expenses. However, this saving
may not directly translate to higher profit due to the capac-
ity externality and its impact on the shopping rates, as dis-
cussed in Section 4.3.1. The curbside premium pc and min-
imum shopping amount R

c
can be set to control the impact

of capacity externality such that the corresponding shopping
rate 𝜆c induces bulk shopping. This, when combined with the
cost-saving from the health safety efforts, results in higher
profit under the curbside pickup mode.

Past research has attributed the increase in retailers’ profit
after the BOPS implementation to cross-selling, that is, BOPS
customers shop more during their pickup visits (Gallino &
Moreno, 2014). Proposition 5 shows that this could occur
even under curbside pickup where such cross-selling oppor-
tunities are not available as curbside pickup customers do not
enter the stores.

We note that when the curbside pickup service does not
result in a significant service capacity loss, the store traffic
may increase (i.e., �̄�c𝜆

C
s > �̄�s𝜆

I
s). This result echoes the

empirical findings in Gallino and Moreno (2014) in the
context of BOPS implementation in non-grocery retailing.
Like Gallino and Moreno (2014), existing studies on BOPS
have primarily focused on non-grocery retail settings and
have found that BOPS is beneficial to the retailer based
on the type of product (Gao & Su, 2017) and the potential
for pooling inventory (Hu et al., 2021). In grocery retail,
specifically under the pandemic-induced service capacity
limitations, other factors such as waiting times and cus-
tomers’ bulk-shopping behavior are the main drivers of
benefits of the curbside pickup service.

5 MANAGERIAL IMPLICATIONS
AND MODEL EXTENSIONS

This section discusses managerial insights from our main
model and considers additional model extensions to illustrate
their robustness to various modeling choices.
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F I G U R E 1 Win-win scenarios (curbing the infection risk and gaining
a higher profit)

5.1 Managerial implications

5.1.1 Insights about store occupancy
limitations

The insights from our models reveal that though occupancy
limitations reduce stores traffic, they are not always accom-
panied by a reduction in retailers’ profit. To some extent,
this mitigates the concerns that some grocery retail managers
might have about the negative implications of social/physical
distancing guidelines on their profitability. When customers
practice bulk shopping and occupancy limitations are not too
severe, the increase in customers’ basket sizes could offset the
reduction in the store traffic and even increase the retailers’
profit. In such cases, occupancy limitations lead to a “win-
win” scenario where retailers can help to curb the infection
risk inside their stores (and eventually, in communities) and
can do so without hurting their profitability.

Figure 1 illustrates that the aforementioned win-win sce-
nario is achievable under the three operating modes.6 The
infection risk depends on the store traffic and the time cus-
tomers spend inside the store (Stadnytskyi et al., 2020; Tup-
per et al., 2020). Accordingly, in Figure 1, we measure the
infection risk (denoted by IR) under the in-store, delivery,
and curbside pickup modes as IRI = �̄�s𝜆

I
s𝜏, IRD = (�̄�d𝜆

D
s +

𝜃d𝜆
D
d )𝜏, and IRC = �̄�c𝜆

C
s 𝜏c, respectively. Letting Π∞ and IR∞

denote the profit and infection risk when there is no occu-
pancy limitation, the win-win scenario can be defined as
conditions Π > Π∞ and IR < IR∞ (i.e., an increase in the
retailer’s profit and a reduction in the infection risk under
occupancy limitations). The figure specifies such scenarios
based on different values for the health safety efforts 𝜓 and
store occupancy limits n (the two interventions to reduce the
risk of infection inside the stores).

As Figure 1 shows, the win-win scenario is achievable
when occupancy limitations are not too restrictive (i.e., n is
not too small). Though a strict n reduces the infection risk,
the consequent decline in the store traffic results in profit loss.
When occupancy limitations are moderate, higher investment
in health safety efforts (i.e., higher 𝜓) could turn the profit
loss under a specific store occupancy to profit gain. In other
words, despite being costly, investment in health measures
allows retailers to weather the potential negative impact of
occupancy limitations better.

It is plausible that the store occupancy limit beyond which
the win-win scenario is achieved (for a specific health safety
effort level 𝜓) is smaller under the in-store mode than the
delivery and curbside pickup modes (as shown in Figure 1).
We can explain this as follows: One of the factors that helps
the retailer gain higher profit after the imposition of occu-
pancy limitations is the increase in the bulk-shopping behav-
ior. Under both the delivery and curbside pickup modes,
online customers’ shopping rate (and consequently, their
bulk-shopping tendency) is not affected by the occupancy
limitations. Thus, the retailer’s profit is more susceptible to
decline with occupancy limitations under the delivery and
curbside pickup modes.

5.1.2 Insights about offering the delivery
service

Our delivery model highlights that while adding the deliv-
ery service may effectively reduce store traffic and improve
retailers’ profit when the store occupancy limitation is not
restrictive, it could underperform as occupancy limitations
become restrictive. Our results show the adverse impact
of store congestion caused by delivery customers; as they
neither face the infection risk nor experience the waiting
inconvenience from store congestion, their shopping behav-
ior does not adjust to the prevailing conditions. Additionally,
their shopping activity negatively impacts the in-store cus-
tomers’ shopping rate. A combination of these factors can
ultimately reduce retailers’ profit compared to the in-store
mode.

Figure 2a–c depicts this insight by comparing ΠI and ΠD.
Here, we observe that when the occupancy limitations are
not very restrictive (i.e., n is not too low), adding the deliv-
ery service increases the profit (the top regions where ΠI <

ΠD). However, as the occupancy limit n becomes suffi-
ciently (but not extremely) small, adding the delivery ser-
vice hurts the profit (i.e., the regions where ΠI > ΠD). When
the store occupancy limit n becomes extremely restrictive, we
observe small regions where ΠI < ΠD again; in such regions,
the store occupancy is so limited that the shopping rate of in-
store customers approaches zero, due to severe waiting incon-
venience (though that region is theoretically possible, in prac-
tice, limitations are not restrictive in that magnitude).

Figure 2a–c also shows that the abovementioned observa-
tions continue to hold as we change the fraction 𝜃d of delivery
customers, their shopping rate 𝜆d (determined by delivery
premium pd, minimum shopping amount R

d
, and service

waiting time wd), and the fraction 𝜃s = 1 − �̄�s of in-store
customers who turn away if delivery service is not available.
These observations continue to hold as we experiment with
different values of the fraction 𝛾 of the profit the retailer
collects from delivery customers (in Figure 2, 𝛾 = 0.95).
This shows the robustness of our general insights from the
delivery model to these parameter values. As a side note, in
line with Proposition 3, Figure 2c highlights that as more cus-
tomers stop shopping from the retailer in the absence of the
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F I G U R E 2 Comparing the in-store and delivery modes

delivery service (larger 𝜃s), the delivery mode outperforms
the in-store mode more often.

A modeling extension to the delivery model is to consider
that gig-economy workers shopping on behalf of delivery
customers shop more efficiently than the in-store customers.
This could be because they could shop for multiple deliv-
ery customers simultaneously. To allow for this higher effi-
ciency, in Figure 2d, we consider the shopping time 𝜏d for
delivery customers to be shorter than the shopping time 𝜏

of in-store customers. Figure 2d shows this extension does
not significantly impact the main insights from how deliv-
ery mode compares with the in-store mode when the health
safety efforts 𝜓 is sufficiently large (𝜓 > 2 in Figure 2d).
However, for smaller values of 𝜓, the delivery mode results in
a higher profit than the in-store mode for a broader range of
store occupancy limits n. Overall, this suggests that the higher
efficiency of gig-economy shoppers does not always translate
into better performance for the delivery mode relative to the
in-store mode.

5.1.3 Insights about offering the curbside
pickup service

Finally, our analysis suggests that implementing the curb-
side pickup service (using the retailer’s resources) may be
more effective than the delivery service in ensuring prof-
itability and curbing the disease spread inside grocery stores.
The key to achieving this is properly setting the curbside
pickup premium and minimum shopping amount and suffi-
cient health safety efforts. These measures allow for better
control of the capacity externality that curbside pickup cus-
tomers impose, sufficient profit from curbside pickup cus-
tomers, and sufficient frequent shopping trips by the in-store
customers.

Figure 3 illustrates the aforementioned insights and high-
lights the robustness of these insights to the parameter val-
ues. Similar to the plot for the delivery mode (Figure 2),
we observe in Figure 3 that when the occupancy limitations
are not very restrictive, adding the curbside pickup service
increases the profit in case the curbside pickup premium and
minimum shopping amount are set properly. As the store

occupancy becomes sufficiently (but not extremely) limited,
adding the curbside pickup service hurts the profit (i.e., the
region where ΠI > ΠC). As in Figure 2, we observe ΠI < ΠC

when the store occupancy limit becomes extremely small, as
the occupancy is impractically so limited that the in-store cus-
tomers’ shopping rate approaches zero.

We also observe that as the health safety efforts 𝜓

increases, the curbside pickup generates higher profit than
the in-store mode (i.e., ΠI < ΠC) at more restrictive store
occupancy limits n. This further highlights the importance of
health safety efforts in improving the efficacy of the curb-
side pick service under occupancy limitations. The four pan-
els in Figure 3 suggest that the aforementioned insights are
robust to different parameters, including the change in the
fraction 𝜃c of curbside pickup customers, shopping rate 𝜆c
of curbside pickup customers (where 𝜆c is determined by the
curbside pickup premium pc, minimum required shopping
amount R

c
, and service waiting time wc), the degree of the

store capacity loss 𝜏c∕𝜏 after adding the curbside pickup ser-
vice, and the fraction 𝜃s = 1 − �̄�s of customers who turn away
if curbside pickup service is not available.

5.2 Model extensions

We consider two modeling extensions in Sections 5.2.1
and 5.2.2.

5.2.1 Offering delivery and curbside pickup
services (Combined Mode)

This section considers a model extension in which the retailer
employs both delivery and curbside pickup services. We con-
tinue considering that the delivery service is provided in part-
nership with a third-party delivery firm, whereas the curbside
pickup service is offered using the retailer’s resources. Let 𝜃′d
and 𝜃′c denote the fractions of delivery and curbside pickup
customers under the combined model; then 1 − 𝜃′d − 𝜃′c rep-
resents the fraction of in-store customers. We present the
detailed formulation of the combined model in Section EC.4
of the Supporting Information.
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F I G U R E 4 Combined delivery and cubside pickup services

Figure 4a shows that the win-win scenario is again achiev-
able under the combined mode when the occupancy limi-
tations are not too restrictive. Like the other modes, higher
safety efforts help the retailer achieve higher profit and curb
the infection risk. Figure 4b (in which we vary 𝜃′d and 𝜃′c
while fixing 𝜃′d + 𝜃′c) shows that as the fraction 𝜃′c of curb-
side pickup customers becomes more dominant in the mix
of online customers, the performance of the combined mode
improves compared to the in-store mode. Finally, Figure 4c
(in which we change 𝜃′d + 𝜃′c while fixing the ratio 𝜃′d∕𝜃

′
c =

1) shows that similar to the delivery and curbside pickup
modes, the combined mode performs better for a more exten-
sive range of n and 𝜓 combinations, relative to the in-store
model, as the total fraction 𝜃′d + 𝜃′c of online customers
increases. Finally, a comparison of Figure 4 with Figures 1–3
suggests that the combined model’s overall insights align
with the delivery and curbside pickup modes.

5.2.2 Dependence of shopping time
on expenditure

In this section, we consider an extension of our primary
model in which in-store customers’ shopping time varies with
the customers’ expenditure, and hence with their shopping
rate, to capture that customers purchasing a larger basket
spend longer time in the store. In this extension, we allow
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for the shopping time to depend on the shopping rate 𝜆s using
the function  (𝜆s) = 𝜏0 + 𝜅 × e𝜈

′(𝛼0−𝜆s), where 𝜏0 is the fixed
portion of shopping time, and 𝜅 is the value of the variable
part of the shopping time when shopping rate 𝜆s = 𝛼0. When
𝜅 = 0, this function converges to our main model with the
shopping time being a constant.

Given the functional form  (𝜆s), Equations (1) and (4) can
be solved numerically to determine the equilibrium shopping
rate 𝜆s. However, we can show analytically that, similar to
our main model, 𝜆s decreases with stricter occupancy limi-
tations (i.e., n becomes smaller). Thus, in this model exten-
sion, stricter occupancy limitations have a similar effect on
customers’ bulk-shopping behavior and hence the retailer’s
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profit. We capture this in Figure 5, where we display the
win-win scenario for different values of variable shopping
time 𝜅. Based on this similarity with observations from our
main model, we expect insights from our model to be robust
to this extension.

6 CONCLUDING REMARKS
AND FUTURE DIRECTIONS

This paper mainly focuses on how a pandemic affects grocery
retailers and how retailers can effectively respond by balanc-
ing between profitability and curbing the infection risk inside
stores. The central premise of our analytical models is that
occupancy limitations transform grocery stores into capacity-
constrained systems, which need to make difficult trade-offs.
We find that though store occupancy limitations reduce the in-
store foot traffic (which helps curb the disease spread), they
do not necessarily result in a profit decline. Such win-win sce-
narios occur when occupancy limitations are not too restric-
tive. Our analyses further highlight the externality impact of
online customers on in-store customers’ shopping behavior.
Under the delivery mode, such externalities may increase the
store traffic and reduce the retailer’s profit. Whereas, under
the curbside pickup mode, the retailer can better control the
impact of externalities, which helps reduce the store traffic
and increase profit. Finally, when the occupancy limitations
are not very restrictive, adding the delivery or curbside pickup
service could increase the profit if the corresponding premi-
ums and minimum shopping amounts under the two modes
are appropriately set.

Future work can explore several directions. First, given
the insufficient empirical understanding of online purchas-
ing behavior, we considered the gross profit function R(𝜆)
the same across in-store and online customers. Given the rise
of online grocery shopping, future research can empirically
explore how R(𝜆) could be different for online customers and
take that into account in the analytical models. Second, future
research can consider the detailed interaction of third-party
delivery platforms with the grocery retailer. Future research
can also explore the impact of pandemic conditions and the
consequent changes in customers’ shopping behavior in other
settings of omnichannel retailing, including the existence of
both delivery and curbside pickup services; another example
includes BOPS with cross-selling opportunities. Finally, our
model’s gross profit function R(𝜆) only accounts for costs-
of-goods-sold and not inventory-related costs (i.e., ordering
and holding). As discussed in Section EC.5 of the Support-
ing Information, including these costs will not qualitatively
affect our results in most cases. However, in cases where
bulk shopping results in a steep increase in inventory costs,
these factors must be accounted for in the decision-making
process.
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E N D N O T E S
1 A “shopping session” corresponds to a trip to the grocery store in the case

of in-store shopping and corresponds to visiting the store’s website in the
case of online shopping.

2 We consider 𝛽′w < 𝛽w as online delivery customers wait at the comfort of
their home or while running other tasks.

3 The curbside pickup service could also involve waiting at the pickup site
(the time it takes for the store staff to bring the groceries outside); however,
this waiting is negligible compared to the service waiting wc. For this rea-
son, and to not complicate the model representation, we exclude the waiting
time at the curbside pickup site.

4 For brevity, in the remainder of the paper, we refer to the profit rate as
simply “profit,” unless ambiguous.

5 Under the delivery mode, delivery customers contribute to store traffic via
the gig-economy workers who shop on their behalf.

6 The parameter values used for Figure 1 and other plots are provided in Sec-
tion EC.3 of the Supporting Information.
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