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Abstract
Retail stores are an essential sales channel in the economy. What makes them resilient to external shocks? We propose
a conceptual framework in which resilience is determined by (a) the intrinsic stability of the customer pool that the store
serves and (b) the actions the store implements to cope with external shocks. We apply our framework to study the impact of
COVID-19 pandemic on thousands of fashion stores across the world, using a novel high-frequency scraping method to infer
daily sales. Our results indicate a severe impact of lockdown regulations, with remarkable store-level heterogeneity. Stores
of smaller size, in high-income lower-density areas, catering to non-touristic demand, and not located in shopping malls were
intrinsically more resistant to external shocks. Furthermore, stores that chose to be more differentiated (reduced assortment
similarity) and to keep a fresher inventory (faster inventory days) were also able to attenuate the impact of the pandemic.
Our framework can be useful for policymakers, who are interested in identifying and targeting most vulnerable businesses,
as well as managers, who would like to build a network of stores sufficiently resistant to shocks.
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1 Introduction
Crystal Mall’s parking lots used to be so crowded that par-
ents would line up to drop off their teenagers near one of the
entrances rather than search for a spot. Now, the vast stretches
of cracked pavement surrounding this 1980s-era regional mall
on Connecticut’s coast have more weeds than cars. Valued by
an appraiser at $153 million as recently as 2012, Crystal Mall
sold in June for just over $9.5 million in a foreclosure auction.
(Wall Street Journal, 2023)

Brick-and-mortar stores remain the dominant sales channel
in retail. In fact, flagship stores not only provide ease of access
to the retailer’s products, but also shape a brand’s identity and
add an experiential connection with the customer. However,
rapid changes in the retail landscape, including the develop-
ment of online channels and new technologies (Caro et al.,
2020), have put into question the role of physical stores. More-
over, footfall—the count of consumers entering a store—keeps
decreasing in all countries.

If these trends continue, which kinds of stores are more
likely to survive? What makes some stores more resilient than
others? We use the COVID-19 pandemic as a unique event to
explore which elements make stores more resistant to external

shocks. Indeed, the pandemic prompted us to challenge beliefs
deeply embedded in our Folk Wisdom. For decades, retailers
have taken at face value that signature stores in the busiest
streets in Milan, Paris, New York, or Barcelona, are “the way
to go.” For instance, in 2014 Valentino opened a flagship store
in the Fifth Avenue—an impressive store of 20,000 square-
foot and three levels, right next to the MoMa. Stefano Sassi,
then CEO of Valentino, said that Fifth Avenue “is the center
of the world” and “having a store here is a key message to the
market” (Wall Street Journal, 2014). Yet, Valentino closed its
Fifth Avenue store in 2020, claiming that it was “no longer
workable as a luxury destination” (Business Insider, 2020).
This example suggests that we lack a full understanding of the
factors that drive store resilience.
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In this article, we study the resilience of offline stores to
external shocks. We examine the impact of the COVID-19
pandemic on two fashion retailers: Zara and Bershka. These
two brands are among the largest ready-to-wear fashion brands
worldwide, with combined sales of 21e billion and 3,377
stores (Inditex Annual Report, 2019). While most readers
are familiar with the unprecedented scale of COVID-19, it is
helpful to recall a few key facts. COVID-19, caused by the
SARS-CoV-2 virus, started as a health crisis—with over 775
million infected individuals and 7 million deaths as of Octo-
ber 2024. It has become the deadliest disease, surpassing the
1918 flu pandemic (National Geographic, 2021). Beyond pub-
lic health outcomes, its worldwide spread in February 2020
led to major economic downturn caused by global, synchro-
nized demand, and supply shocks (Guan et al., 2020). The
International Monetary Fund estimates that the world econ-
omy declined 3.3% in 2020, for example, Spain -11.0%, the
United Kingdom -9.9%, France -8.2%, Germany -4.9%, and
the United States -3.5% (International Monetary Fund, 2021).

The pandemic forced national and local governments to
implement drastic social and economic interventions in an
effort to contain the spread of the virus (Brauner et al., 2021).
A large body of literature examined the impact of these poli-
cies on health (Aleta et al., 2020; Chinazzi et al., 2020; Chiu
et al., 2020; Glaeser et al., 2020; Salje et al., 2020). Stud-
ies have also used survey data, household scanner data, or
proprietary transaction data to measure consumption patterns,
often examining a single or a few countries (Adams-Prassl
et al., 2020; Brinca et al., 2021; Carvalho et al., 2021; Chetty
et al., 2020; Egger et al., 2021; Hwang et al., 2020; Josephson
et al., 2021; Mueller et al., 2021; Sheridan et al., 2020). More-
over, Brodeur et al.’s (2021) literature review indicates that
extant research on the economic consequences of COVID-19
has primarily examined macro indicators, such as GDP, local
employment, job vacancies, or consumption across sectors of
the economy. As a result, there is a gap in the literature to
study, either theoretically or empirically, store-level supply and
demand effects as well as factors that drive resilience across
stores.

The recession in the retail economy, especially in fashion
goods, was even more adverse compared to basic goods: fash-
ion retail is typically classified as a highly cyclical industry,
expanding rapidly when the economy is booming but retreat-
ing during recessions. Store demand was particularly affected,
as it required consumers to travel to a store to physically
touch and fit items (Bell et al., 2014; Chetty et al., 2020;
Goolsbee and Syverson, 2021; Sheridan et al., 2020). News
from landmark retailers inform us about the severe damage:
Inditex and H&M decided to close 1,200 and 250 stores,
respectively; J. Crew, Lord & Taylor, Century 21, Lucky
Brand, Brooks Brothers, Neiman Marcus, Muji, and J.C. Pen-
ney all filed for bankruptcy in 2020. Moreover, the decline
in retail was much larger than GDP contraction, in line with
a remarkable heterogeneous sector-based and region-based
impact (Chetty et al., 2020; Rosenthal et al., 2021).

Figure 1. Great heterogeneity in the impact across stores.

Indeed, our data shows a severe aggregate decline in offline
retail sales. We estimate that units sold declined 43% in 2020,
and declined 53% in the (hardest) 6 months starting March
2020, using data from 3,142 stores throughout 97 countries
(the Appendix A provides a global heat-map). These magni-
tudes echo the substitution patterns away from non-necessities
and physical-contact products (Chetty et al., 2020). In con-
trast with existing studies of the economic consequences of
COVID-19, we are interested in understanding its heterogene-
ity across stores.

Figure 1 illustrates the large variation across stores in the
percentage change in units sold per SKU (stock-keeping-
unit). It should be surprising to find effects that range from
−90% to +20%. The impact is most pronounced in cosmopoli-
tan cities like Madrid or London, as well as in smaller but
touristic destinations like Algarve in Portugal or the Balearic
Islands in Spain. Additionally, stores in non-urban spots expe-
rienced a modest decline in sales, possibly linked to inflows of
population that fled cities, or to the redirection of shopping
expenditure towards local stores instead of shopping while
traveling. These patterns are consistent with a reallocation
shock (Barrero et al., 2021) and with the value reversal city
centers (Rosenthal et al., 2021). We observe that COVID-19
did not impact each store in the same way. But why? What
makes stores more resilient to external shocks? This is the
central question that we seek to answer in this article.

The concept of resilience has a long tradition in material
sciences, biology, psychology, and more recently in man-
agement. In our context, we define resilience as the ability
of a store to recover from a large external disruption. This
definition mirrors the core ideas of supply chain resilience
(Kleindorfer and Saad, 2005; Sheffi, 2015).1 We develop a
conceptual framework in which store resilience is a com-
bination of market characteristics—defined as intrinsic
resilience—and store strategies—defined as adaptive
resilience. The former captures features that shape the pool
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of consumers it caters to, which is driven by both geography
(e.g., population density or income) and store design (e.g.,
size and clustering with other urban amenities). The latter cap-
tures supply side flexibility to better cope with unpredictable
market changes, through more personalized assortments and
lower inventory assets (Fisher et al., 1997).

Our framework is guided by a novel empirical strategy,
which can be summarized as follows:

1. We reconstruct store daily unit sales using high-frequency
product inventory data collected via web-crawlers from two
large brands: Zara and Bershka. The inventory is collected
for thousands of stores throughout 20 countries.2 By track-
ing the variation in units available of a particular product
in a particular size at the store (e.g., a green sweater in
size M), we recover sales on a daily basis. To the best of
the authors’ knowledge, no prior studies have used this
approach. A remarkable advantage is the breadth and con-
sistency across geographies: we construct product × store
sales. This allows us to analyze store performance without
geographical or temporal aggregation.

2. We track and encode non-health-related interventions
across all sub-national regions (provinces or states within
countries) in 20 countries. Critically, these policies are then
mapped to the coordinates of each store. Said differently,
we trace back the de-escalation plans that affected Miami
and Los Angeles, and then assign those policies to a store in
Miami and to another store in Los Angeles. Naturally, gov-
ernments tailor their stay-at-home orders and de-escalation
plans, however, we classify those into three stages that are
overall consistent: strict lockdown (Spring or Fall), partial
lockdown (Spring or Fall), and new normality.

3. We identify store characteristics and strategies which can
attenuate or amplify demand swings from external shocks.
In particular, we unpack the characteristics into: (a) store
size, (b) store location (shopping mall or street), (c) mar-
ket touristic intensity, (d) local population density (urban
vs. rural), and (e) local population income. Additionally,
we identify store operating choices in terms of (f) assort-
ment overlap (similarity with global assortment) and (g)
inventory speed (days of inventory).

Taking a step back, why is this empirical approach useful? One
might be tempted to inform about retail sales using adminis-
trative data or company filings. However, most administrative
records about the economy are reported at aggregated lev-
els and with a substantial lag (Einav and Levin, 2014). This
prevents to track behaviors across sectors and regions. More-
over, it is hard to compare apples-to-apples when the datasets
between two countries are different. Furthermore, company
filings are not sufficiently detailed. To illustrate, Inditex’s
public filings release sales records for Zara at the quarterly
level—and even then, those records are worldwide. It is unfea-
sible to inform shopping patterns across countries or across

stores. Instead, our data tracks daily store-level sales, allow-
ing us to explain what are the features and actions that make
the store more vs. less resilient. Daily variations in sales are
connected to variations in shopping conditions, which have
significantly varied across time and geography, allowing us to
identify valuable cause-and-effect relationships.

The findings of our work can be summarized as follows.
First, we estimate the aggregate demand effects of the pan-
demic. Across 20 countries, we find that sales decreased −47%
during 2020, and that a day of lockdown reduces store sales by
−82%, a day of partial restrictions by −23%, and then a boost
of +58% in a new normality day. These estimates are critical to
inform policy-making decisions, such as the design, targeting,
and scale of relief programs to businesses under water. It also
informs managers about the links between policy, industry, and
shopping habits (Mende et al., 2023).

Second, we unveil this broader sales perspective into the
vast store heterogeneity (Figure 1). Our analysis of store-level
heterogeneity reveals that large stores in shopping malls near
touristic spots amplify the drop in retail sales—which is sur-
prising because these types of stores were presumably the
most profitable and appealing pre-COVID-19. On the other
hand, rural, less densely populated, and wealthier areas atten-
uate those drops. Furthermore, stores that in 2019 had a lower
assortment overlap as well as faster inventory rotation are
more resilient to demand shocks—that is, by offering a set
of products which are relatively more distinct compared to
other stores in the country, or by decreasing the inventory days,
signaling fresher, more up-to-date products, respectively. The
link between store features and the pandemic continues even
during the new normality period.

Our insights can be structured in a conceptual model of
store resilience, made of (a) intrinsic store profile related to its
local market characteristics, and (b) adaptive store actions that
capture its operational “fitness.” Collectively, they shape the
stores’ ability to recover from external disruptions. A visual
summary of our conceptual model is shown in Figure 2.

We observe that resilient stores serve primarily to a captive
local demand: it is away from a city center or touristic spot (and
thus isolated from temporal one-off visitors), its customers are
local (and presumably a portion of those have left the city for
the countryside during the pandemic), and it is not a large
or flagship or ambitious store. This store profile is inherently
less exposed to external, systemic shocks—and therefore, its
upward/downward sales fluctuations are more moderate. In
contrast, less resilient stores tend to be large, next to touris-
tic spots that welcome massive inflows of touristic and brief
visitors per day, and are expensive to run. Its dependance to
foreign, unloyal, and temporal demand makes the store more
sensitive to shocks—and therefore its sales have been most
adversely affected.

One may think of a store’s exposure to external fac-
tors as a multiplier of sales: in booming periods, the store
next to NYC’s MoMA experiences above-average sales from
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Figure 2. Framework of store resilience.

thousands of one-off visitors; however, during a macroeco-
nomic disruption, its sales can decline considerably. Indeed,
while local population has not significantly varied, travel
restrictions removed a sizable fraction of demand—for exam-
ple, total flights have declined 42% in 2020—exacerbating the
losses in touristic stores.3

Furthermore, resilience is shaped by the stores’ adap-
tive strategies: by offering a more differentiated assortment,
curated to the (new) needs of the local demand, stores are able
to more effectively convert potential customers into revenue.
Note that multi-national retailers like Zara and Bershka do not
produce items for a specific store or country.4 While a store
cannot completely “cherry pick” the assortment, there could
still be meaningful store-level strategies in terms of the assort-
ment overlap and inventory management—that is, the extent to
which the products in the store are also found in other stores
and the freshness or speed of inventory turnover, respectively.
Indeed, Hwang et al. (2010), Boada-Collado and Martı́nez-
de Albéniz (2020), and DeHoratius et al. (2023) reported
assortment and inventory heterogeneity across stores. In our
context, resilience drivers are identified in the pre-pandemic
period, including the adaptive responses. Presumably, it is
not realistic that a store manager can, say in the morning of
a lockdown, all of a sudden change the assortment compo-
sition. Instead, inventory speed and assortment overlap are
features that, although not completely static in time, already

operated before the pandemic and were maintained during the
period of study.

Third, while our study investigates what makes store-level
sales more fragile, we also shed light on the brand (company-
wide) actions which mitigate the impact brought by external
shocks. Indeed, fashion retailers designed proactive, surpris-
ingly fast strategies to cope with the pandemic: reduced assort-
ment breadth (variety in the fashion catalog) and reduced
overall inventory levels, suggesting a cost reduction across-
the-board. Note that while all stores were inherently inter-
twined with these brand-level strategies, they still had some
degrees of freedom to better cope with an external shock: as
mentioned, we observe heterogeneity in terms of inventory
speed and, most importantly, assortment overlap.

The remainder of the article is organized as follows.
Section 2 describes the empirical setting and data. Section 3
shows the aggregate retail effects of COVID-19 and Section 4
unpacks the heterogeneity in store-level sales. Section 5 shows
the brand-level strategies. Section 6 presents the robustness
checks. Section 7 concludes the article with conclusion.

2 Data Description
We combine several datasets for our empirical analyses. We
design a web-scraping algorithm that queries the correspond-
ing websites of Zara and Bershka, and collects detailed inven-
tory information for the offline stores. This inventory data at
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Figure 3. Map of physical stores.

the SKU level is used to infer sales at the store x day level. In
the period of study, we identified a total of 3,142 stores world-
wide, with almost 60% of them located in Europe. Figure 3
shows a visual representation of the retailers footprint.

We use inferred sales from 97 countries and 3,142 stores to
motivate a global, descriptive view of the impact of COVID-19
on fashion retail (Appendix A). We then proceed to shed light
on store-level heterogeneity using more detailed econometric
models for 20 countries and 1,690 stores. We augment this data
by mapping the location coordinates of each store with (a) gov-
ernmental policies in that local area, (b) TripAdvisor reviews
of touristic attractions nearby the store, and (c) COVID-19
infections recorded nearby the store. Next, we describe each
dataset in greater detail.

2.1 Public Policy Phases and COVID-19 Cases
Lockdown and de-escalation phases have restricted stores’
operating conditions and consumers’ mobility. There are many
examples familiar to the reader, including mobility restric-
tions across districts or states, reduced hours of operation in
retail stores, social distancing, maximum number of shoppers
at the same time, no fitting rooms, no dining inside restaurants.
These have had a direct influence on the ability (and desire) to
shop in physical stores (Goolsbee and Syverson, 2021; Mende
et al., 2023). To estimate the effects of these policies on store-
level sales (demand) and strategic decisions (supply), we track
and encode daily sub-national government policies, which are
then mapped to the store coordinates. We classify phases as
follows:

• Lockdown: Strict mobility restrictions, stay-at-home orders,
limited shopping non-necessities, travel bans, shorter

hours of operation, restricted operating space, and social
distancing.

• Partial lockdown: De-escalation phases following a strict
lockdown, relaxed mobility restrictions, expanded hours
and space of operation, and social distancing.

• New normal: “going back to normal” final phase of de-
escalation (often the summer of 2020), social distancing,
travel, and mobility restored.

While most stores may have experienced the three phases, the
empirical strategy exploits temporal and geographical varia-
tion. That is, we construct (inferred) sales before and during
each of those phases for a given store in Miami, which expe-
riences a different de-escalation timing to a store in Boston or
Madrid. We are mindful that a partial phase in Paris may not be
the same as a partial phase in Lille. For example, stores in Paris
might be required to restrict the selling space to X squared feet
(and not in Lille). We do our best to carefully encode phases
as parsimoniously as possible, acknowledging that it is beyond
the scope of our paper to further dissect policy heterogeneity
across regions.

We urge the reader to be mindful that the household mind-
set during 2020 was quite different from today. Back then, the
public at large could only speculate about when vaccination
might be completed, how effective such vaccines would be,
and when the virus would be more or less contained. In fact,
the first vaccination phase started in December 2020 (New
York Times, 2020). When a local government instituted a lock-
down, it was seen both as a costly and necessary decision,
plus it was unclear which lockdown would really be the “last
lockdown.”
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Figure 4. TripAdvisor data mapped to the store coordinates: Louvre Museum↔Zara. (a) Louvre Museum in Paris and (b) a Zara store
within 0.2 miles.

In addition to regional de-escalation phases, we collected
time-varying COVID-19 infections at the finest geographical
level possible for all 20 countries. This dataset is also mapped
with the store location to capture the local spread (and conta-
gion concerns) of the virus nearby the store. The E-Companion
provides details of the data sources.

2.2 TripAdvisor

TripAdvisor is a leading review website. We collect TripAd-
visor review data for all main attractions in our 20 countries.
In total, we have data for 268,273 distinct attractions. For each
attraction, we use its latitude and longitude to map its proxim-
ity to a Bershka or Zara store, and focus on attractions that are
within 0.5 km (0.3 miles) of the store.

Figure 4 provides the visual guidance. We collect review
data from the Louvre Museum in Paris, see Panel (a). The Lou-
vre is among the highest-ranked attractions, with 100,000+
TripAdvisor reviews, welcoming 45,000 people on a crowded
day pre-COVID. Presumably, those visitors positively spillover
a retail store nearby (Leonardi and Moretti, 2022). Thus, we
ask: is there a store nearby? Panel (b) shows that the answer
is yes. There is a Zara store located 350 m (0.2 miles) away.
Having geo-localized each store and each attraction, we can
map the number of attractions and reviews for each store in
our data.

The TripAdvisor data is used to construct a measure of
touristic exposure. Importantly, there is a great variation in the
proximity to touristic spots across stores. It is helpful to crys-
talize some examples. A store in Florence has 315,377 total

reviews for 588 attractions within 5 km, another store in Ams-
terdam has 180,049 reviews for 337 attractions within 5 km,
but stores in Bordeaux or Burlington have <70 reviews. While
TripAdvisor data may miss some points of interest and it is
a static snapshot (e.g., does not capture time-varying trends),
it appears to be a well-suited empirical strategy to charac-
terize which stores cater to touristic customers versus local
customers (Aparicio et al., 2025).

2.3 Store Features
To unpack what features of a store attenuate or amplify exter-
nal shocks, we construct a rich set of store-level covariates.
As visualized in Figure 2, we denote some of these features as
intrinsic resilience and others as adaptive resilience. We report
robustness operationalizations in Section 6.

• Shopping mall: Whether the store is located in a shop-
ping mall or out in the street. This feature captures
spillovers from nearby stores and demand aggregator loca-
tions (Ellickson et al., 2020).

• Touristic spot: We use TripAdvisor’s number of attractions
and number of reviews within 0.5 km to inform the degree
of touristic demand. A store is classified as touristic if it
belongs to the highest quartile in the brand × country in
terms of reviews.

• Store size: We use the store assortment size (defined below)
as a measure of size. A store is classified as large if its
assortment is above the median assortment size in the brand
× country. We also re-define size using the number of
units sold pre-COVID-19. This captures differences in store
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size within a country. For example, a store in Ireland’s
Dublin has 0.13 median daily units sold per-SKU (assort-
ment of 1,100 products), while another store in Ireland’s
Newbridge has 0.03 sales per-SKU (600 products). The
E-Companion reports the histogram of the median daily
units sold per-SKU.

• High-income area: We use TripAdvisor reviews to obtain
the ratio of restaurants with fine dining to overall restau-
rants within 0.5 km of the store. A store is classified as
high-income when its ratio is above the median. To illus-
trate its effectiveness, consider a few examples: in France,
the top store according to this ratio is located in Paris’
Champs Elysées (nearby Louis Vuitton and several 5-star
hotels); in the United Kingdom, the top store is located
across London’s Hyde park (nearby the Mandarin Orien-
tal and Belgravia); in the United States, the third store is
located in NYC’s Fifth Avenue. Similarly, stores in Green-
wich and McLean—known to be among the wealthiest cities
in the United States—are classified as high-income stores.

• Rural area: We use the number of restaurants (as per Tri-
pAdvisor) to inform whether the store is located in a rural
or urban area. A store is classified as rural when its mea-
sure within 5 km is below the median in the country. As
an alternative measure, we use the population density. This
feature speaks to the customer-type and travel distances to
access a store (Huff, 1964; Lim et al., 2021). Once again,
there is great dispersion in the stores’ centricity. To illus-
trate, our data covers a store in Canada’s Toronto (density
of 3,000/km2), but also stores in Canada’s Saint-Bruno-
de-Montarville (density of 600/km2) or U.S.’ Oak Brook
(density of 395/km2).

• Inventory days: The freshness or speed of inventory
turnover can be an important operational lever (Cachon
and Swinney, 2009). Intuitively, when a store’s inventory
is moving, the store can bring new items to the store to
more effectively match supply and demand; in contrast,
slow-moving stores are “stuck” selling the same products
at slower speeds, thus impeding to rotate the variety. We
operationalize inventory days as follows:

Inventory Daysi,t =
∑

k Inventoryi,t,k∑
k PastSalesi,t,k

, (1)

where the inventory days for store i on date t is the
ratio of the average inventory depth and number of daily
per-SKU units sold during the previous two weeks (e.g.,
PastSalesi,t,k = 1∕14

∑t−1
t′=t−14 Salesi,t,k denotes the latter).

The inventory depth for store i on date t is defined as the
ratio of total units in-stock divided by the number of avail-
able SKUs. Hence, Inventory Daysi,t represents the number
of days that a product will remain in stock, the usual metric
for inventory investments. Recall that we estimate equation
(1) using data pre-COVID-19, to capture behaviors that
already existed before the disruption. A store features low
inventory days when its measure is below the median. The

median inventory days and depth is 16 days and 2 units,
respectively.

• Assortment overlap: The flexibility to offer “better” (more
relevant) options in the assortment—that is, tapping cur-
rent needs—can explain the relative strength to navigate
an external disruption. For example, a store in Tampa
(Florida) may be used to tailoring the assortment to its local
demand, and thus more easily accommodate shifting cus-
tomer behavior during the pandemic, compared to a store
in Fifth Avenue, which may serve the needs of its temporal,
touristic demand. We operationalize assortment overlap as
follows:

Assortment Overlapi =
∑

j≠i∈S

A′
iAj

||Ai|| ⋅ ||Aj||
1

#j ∈ S
, (2)

where the assortment overlap for store i is computed as
the cosine similarity between store i’s assortment vector Ai

and store j’s assortment vector Aj (following Hwang et al.
(2010)), and then averaged across stores. The vector Ai has
length K (i.e., the number of distinct items in the brand ×
country) and one element in Ai is the proportion of time
that store i offered item k relative to the entire time the item
was observed. Once again, the assortment overlap is com-
puted pre-COVID-19. The measure in equation (2) ranges
from 0 to 1, with higher values indicating greater assortment
similarity with other stores. A store features low assortment
overlap when its measure is below the median. The aver-
age overlap is 0.59, indicating meaningful non-overlapping
products across stores.

Collectively, this feature set captures important store het-
erogeneity. To illustrate, the 25th and 90th percentile store
have an estimated assortment size of 800 and 4,600 products,
respectively. To provide visual intuition for some of these oper-
ationalizations, Figure 5 shows the distribution across stores
for (a) the number of touristic attractions nearby the store, (b)
the number of TripAdvisor reviews, (c) population nearby the
store, (d) assortment size, (e) inventory days, and (f) assort-
ment overlap.5 While some interdependence may exist (e.g.,
best-selling stores may have more resources to improve inven-
tory decisions), there is abundant variation across features (the
correlation matrix is shown in the E-Companion).

2.4 Inferring Sales From High-Frequency Store
Inventory Changes
We collect data from two leading fashion brands: Zara and
Bershka. We design web-scraping algorithms that collect three
main pieces of information:

1. Brand data: Brand assortment catalog. It is time-varying
but not store-specific.

2. Store data: Location (time-static) and products available
(time-varying).
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Figure 5. Strong variation in store characteristics: (a) touristic attractions, (b) TripAdvisor reviews, (c) population, (d) assortment size,
(e) inventory days, and (f) assortment overlap.

3. Inventory data: Units available for a specific SKU x store x
date. A SKU represents a unique product identifier (e.g., a
green sweater size M).

The data spans from early March 2019 to end of December
2020, with a daily and sometimes intra-day frequency. Our
dataset covers 49,964 products (broadly defined, i.e., differ-
ent kinds of sweaters) and 393,558 SKUs (narrowly defined,
i.e., unique combinations of model, color, and size). Zara and
Bershka are known to have an extraordinary large assortment
(Aparicio and Rigobon, 2023). For instance, we estimate that
Zara’s average catalog on a given day has ∼12,000 SKUs.

With this empirical setting in mind, the algorithm for data
collection works as follows:

• Step 1: Retrieve all SKUs of the catalog for brand b at time
t. Sample a subset of SKUs in that catalog—in general the
top listed 200 items per category.

• Step 2: Retrieve the inventory available for each SKU in that
subset (Step 1) in store i of brand b at time t.

• Step 3: Repeat Step 2 query for all stores.
• Step 4: Repeat Steps 1 to 3 over time.

It is helpful to note that not all SKUs sampled (Step 1) are
available in all stores. A given store may offer more special-
ized products, be smaller (there is not have enough space for

certain products), or products may be sold out in that store.
This temporal variation in the offer set allows us to infer the
store assortment size. Intuitively, it is unfeasible to web-scrape
the entire offer from the store (e.g., 10,000 SKUs); however,
by observing the variation in the share of the catalog offered
by the store, we can construct a measure of store assortment
size. Furthermore, we utilize the first and last dates in which
we observed the product in the store. Thus, we define a store ×
date measure of assortment size as the number of products that
have been introduced and are yet not discontinued (i.e., date t
is higher than the start date of a product and lower than its end
date), which is then scaled by the number of products queried
in that store × date. To construct a time-invariant measure of
store-level size based on the assortment (Figure 5), we use the
75% percentile of the store × date assortment.

Figure 6 visualizes the data collection effort. Imagine we
are interested in collecting inventory for the dresses category.
As mentioned, we collect the IDs for the top 400 products in
the grid (top-left). This maps Step 1 above. Then, the algo-
rithm visits the product page (top-right) and clicks a size and
availability (bottom-left). Then, the algorithm selects a store
(bottom-middle) and reads the HTML code (bottom-right) to
recover the number of units available. In a nutshell, repeat-
ing the query for multiple products and over consecutive days
allows us to recover changes in inventory—and thus, changes
in units sold.
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Figure 6. Example—Web-scraping inventory for stock-keeping-unit (SKU) × store.

Table 1. Example—Changes in inventory levels.

Store ID Product x Color Size ID t1 q1 t2 q2 Change

686 00364326712 1 2019-12-12 12:25:15 0 2019-12-14 13:32:48 0 0
686 00364326712 1 2019-12-14 13:32:48 0 2019-12-16 03:56:29 2 2
686 00364326712 1 2019-12-16 03:56:29 2 2019-12-17 07:30:34 2 0
686 00364326712 1 2019-12-17 07:30:34 2 2019-12-18 11:14:37 1 −1
686 00364326712 1 2019-12-18 11:14:37 1 2019-12-19 5:23:03 1 0
⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯

Inventory changes can be closely linked to sales changes:
when inventory for a specific SKU × store decreases, a sale
most likely occurred. Indeed, to infer units sold, we compute
the difference in SKU inventory depth for store i between times
t1 and t2. Table 1 shows the structure of the data. A single
observation represents the amount of stock (q) for SKU on
time 1 (t1), and the amount of stock on time 2 (t2), where t2 is
the next observation for the same SKU × store. As per Table 1,
it is clear that we identify two types of events: (a) positive dif-
ferences in inventory (i.e., replenishments—unknown sales in
that interval); and (b) negative differences in inventory. The
latter cases are classified as sales events.

There are additional operationalizations. While we might
neglect units sold when there are product refills (usually large
and unusual positive numbers), given the low frequency of
refill events (compared to the greater frequency of events
of units sold), accounting for refills yields minimal differ-
ences. Moreover, we control for irregularity in the intervals
between SKU-timestamps. If the interval between two SKU-
timestamps is too wide, the sales records become noisier.
Therefore, we consider a sale if the time difference between
two inventory points is less than 3 days.6 Finally, we eliminate
the last observed inventory levels which are often larger drops
and represent product discontinuities rather than sales.
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Figure 7. Illustration of the inventory behavior at the store: (a) inventory of one stock-keeping-unit (SKU) in one store and (b)
timelapses between inventory readings.

We aggregate store-date-SKU sales—inferred from
changes in inventory levels—to the store-date level. In
particular, we define a measure of total sales at the store-date
level as follows:

Salesi,t =
∑

k −ΔInventoryi,t,k

ProductsObservedi,t
×

Assortmenti,t
ProductsQueriedi,t

, (3)

where
∑

k −ΔInventoryi,t,k represents units sold for store i and
date t, as captured by the sum of (negative) inventory changes
across all products k. Said differently, ΔInventoryi,t,k repre-
sents the negative inventory variation for product k in store
i and date t (e.g., a variation of −2 means that 2 units of item
k were sold). Note that in periods when we are able to collect
data for more (less) products, then the corresponding units sold
will be higher (lower). Thus, we normalize by the number of
products for which we collected inventory changes in store i on

date t. In other words,
∑

k −ΔInventoryi,t,k

ProductsObservedi,t
can be interpreted as the

velocity of sales (units per inventory). Finally, per-SKU sales
are scaled by store i’s assortment and the number of products
queried for a measure of total store sales. Importantly, Salesi,t
is systematically comparable across stores and over time.

For completeness, Figure 7 visualizes the patterns of the
data process. We focus on the inventory readings for a single
SKU at a single store over time. Panels (a) and (b) show the
typical inventory levels over time, and the distribution of time-
lapses (difference in consecutive timestamp readings) between
inventory readings, respectively.

To summarize, we construct a novel dataset obtained
through large-scale web-crawlers that collect daily inventory
levels—sometimes hourly—from two leading international
fashion brands. The data spans 49,964 products (393,558
SKUs including product × color × size), 630 days between
13 March 2019 and 31 December 2020, and 1,690 physical
stores in 20 countries. The median store assortment size is

1,500 products, the median per-SKU units sold is 0.05, and the
median inventory depth is 2 units. The E-Companion reports
additional data statistics.

2.5 Sales Data Validation
One might wonder whether this big data effort is needed at
all. Why not simply use publicly available financial filings to
recover sales patterns? The reason is that the publicly available
data is extremely broad (and reported with a delay). Inditex’s
filings report the overall sales of Zara and Bershka—but those
filings neither report sales at the daily or weekly or monthly
level, nor sales at the store or state or country level. A key
methodological contribution of our work is to set forward an
empirical strategy that infers sales at the store-day level which
is apples-to-apples comparable over time and across stores
throughout countries.

Several facts about our data provide a compelling “valida-
tion” as an effective sales indicator.

1. Our baseline measure of sales at the store-day level clearly
captures the disruption caused by COVID-19 in March of
2020. To illustrate, Figure 8 plots the daily measure of sales
for two stores: a store in Madrid and a store in Athens.
We see a dip around mid-March, exactly when a lockdown
was instituted (gray area)—while hard to see, the lockdown
timing differs between these stores. The median units sold
before (blue) versus during (red) COVID-19 depict a sharp
decline in sales.

2. The measure of positive sales correlates with Inditex’s store
sales. Panel (a) of Figure 9 reports Inditex’s number of open
stores during 2020 (open defined as positive sales). Panel
(b) shows a qualitatively consistent pattern with our sales
data.

3. Inditex reports that sales in Spain decreased by 33% in
2020, and that offline sales in Inditex decreased by ∼45%
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Figure 8. Store sales—Examples: (a) store in Madrid and (b) store in Athens.

Figure 9. Stores—Open and close: (a) Inditex filings and (b) Inferred store open/close.

worldwide. Similarly, we estimate that units decreased by
18% in Spain, and worldwide sales declined 43% in 2020
and 53% in the (hardest) 6 months starting March 2020.
While we should not expect a 1-to-1 mapping—we cover
Zara and Bershka in 20 countries, not the entire busi-
ness group worldwide—our magnitudes are remarkably
consistent.

4. Inditex operated 7,469 stores by the end of 2019 and 6,477
by 2021 (a relative decrease of 13%). Similarly, we estimate
that there were 1,904 active Berhska and Zara stores by the
end of 2019, but that number decreased to 1,628 two years
later (a 14% decrease). Once again, the relative decrease is
extremely similar.

In sum, this evidence collectively provides a compelling
case for using web-scraped inventory changes to capture true
sales taking place at offline stores. We provide a caveat that
our measure of inferred sales include physical sales made in
the store, as well as any online order fulfilled from that store,
which is a minor but growing fulfillment method for fashion
retailers (Glaeser et al., 2019; Lim et al., 2020; Martı́nez-de
Albéniz, 2019). Inditex reports rolling-out its “Single Inven-
tory System” (SINT), which allowed Inditex “to fulfill
e1.2 billion online sales from our stores” (Inditex Annual
Report, 2020). However, this represents just 5% of the sales
in 2020.7
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Table 2. Store-level sales effects.

Log Units Sold

(1) (2) (3)

Post −0.294∗∗∗

(0.004)
Lockdown −1.717∗∗∗

(0.011)
Partial Lockdown −0.259∗∗∗

(0.005)
New Normal 0.459∗∗∗ 0.454∗∗∗

(0.005) (0.005)
Lockdown Spring −2.981∗∗∗

(0.022)
Partial Spring −0.351∗∗∗

(0.011)
Lockdown Fall −0.863∗∗∗

(0.011)
Partial Fall −0.245∗∗∗

(0.005)
Constant −2.740∗∗∗ −2.695∗∗∗ −2.601∗∗∗

(0.003) (0.003) (0.003)

Observations 846,878 846,878 846,878
R2 0.604 0.625 0.633
AIC 3,020,700 2,974,536 2,957,370
Store FE Yes Yes Yes
Country × Brand × Week FE Yes Yes Yes
Country × Brand × Day FE Yes Yes Yes

Notes: AIC = Akaike information criterion; FE = fixed effect. Robust standard errors in
parenthesis. ∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1.

3 Aggregate Demand Effects
We begin our empirical analysis by examining aggregate
demand effects from COVID-19. To build intuition for
the analyses that follow, we first estimate a simple fixed-
effects model for the average effect to retail consumption.
In particular:

ln(Sales)i,t = 𝛼0 + 𝛽1Postt + 𝜓c,b,w + 𝜙c,b,d + 𝛾i + 𝜀i,t, (4)

where ln(Sales)i,t denotes total units sold by store i on date t,
Postt denotes an indicator variable that takes value 1 starting
March 2020, and 𝜀i,t are residuals. We include a stringent set
of fixed effects: 𝜓c,b,w accounts for country × brand × week
number (e.g., Germany–Bershka–Week16) fixed effects, 𝜙c,b,d

accounts for country × brand × day of the week (e.g., Ger-
many–Bershka–Thursday) fixed effects, and 𝛾i accounts for
store i fixed effects. We note that 𝜓c,b,w and 𝜙c,b,d are rele-
vant to control for seasonality patterns in fashion retail and
company-wide changes. The unit of analysis in equation (4) is
a store-date.

The results are shown in Table 2. Column (1)
shows that sales decreased 25% starting February 2020

(−0.25=exp(−0.294)−1, [−0.30,−0.29] 95% CI). However,
these effects are expected to vary significantly upon the
operating conditions. Thus, we estimate a model to capture
the effects of non-health-related interventions. In particular:

ln(Sales)i,t = 𝛼0 + 𝛽1Lockdowni,t + 𝛽2Partiali,t
+ 𝛽3New Normali,t + 𝜓c,b,w + 𝜙c,b,d + 𝛾i + 𝜀i,t,

(5)

where ln(Sales)i,t denotes the total units sold for store i on date
t; Lockdowni,t, Partiali,t, or New Normali,t denote an indicator
variable that takes value 1 when store i on date t is on a lock-
down, partial, or new normal phase, respectively. As before,
the unit of analysis in equation (5) is a store-date.

Column (2) shows that a lockdown decreases store daily
sales by 82% and a day with partial restrictions decreases
sales by 23%. We observe a boost in sales once restrictions
are lifted and the de-escalation phase reaches the new nor-
mality. We further expand equation (5) to distinguish between
Spring versus Fall lockdowns and partial phases. As we
might anticipate, column (3) shows that the effects are more
adverse in the Spring—when the pandemic was just taking
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Figure 10. Store resilience: (a) partial lockdown and (b) new normality.

off and non-health-related interventions were most prohibitive
of non-essential consumption. For instance, a day of partial
mobility reduced sales by 30% in the Spring versus 22% in
the Fall. We should also consider that, while local govern-
ments eased shopping conditions during Spring, households’
uncertainty and health concerns might have also (relatively)
improved. Consistent with the idea that fear to the spread
of the virus (importantly, nearby the store location) demoti-
vates consumption, we find a negative relationship between
(log) infections and store sales. The results are discussed in
Section 6.

The analyses so far shed light on the severe impact that
COVID-19 had to retail sales in brick-and-mortar stores. How-
ever, these estimates mask the heterogeneity that exists across
stores. Indeed, we have seen in Figure 1 notable disparities
in how different stores were affected by the pandemic. We
explore store heterogeneity next.

4 What Makes a Store Resilient?

We seek to understand the store characteristics that help
explain the heterogeneous effects to COVID-19. As mentioned
in Section 2.3, we unpack store-level characteristics into: (a)
size of store, (b) shopping mall or street access, (c) touristic
spots, (d) rural, less densely populated areas, (e) high-income
areas, (f) inventory speed, and (g) assortment overlap. As sum-
marized in Figure 2, we denote (a) to (e) as intrinsic resilience,
and (f) and (g) as adaptive resilience.

We estimate the following model:

ln(Sales)i,t = 𝛼0 + 𝛽1Lockdowni,t + 𝛽2Partiali,t

+ 𝛽3New Normali,t +
∑

f ∈F

1Featurei=f

×
(
𝜆1,f Lockdowni,t + 𝜆2,f Partiali,t + 𝜆3,f New Normali,t

)

𝜓c,b,w + 𝜙c,b,d + 𝛾i + 𝜀i,t, (6)

where ln(Sales)i,t, Lockdowni,t, Partiali,t, and New Normali,t
follow the notation used in equation (5). Our interest lies
in the interaction terms between each of these non-health-
related policies and feature f ∈ F.8 As before, 𝜓c,b,w, 𝜙c,b,d ,
and 𝛾i denote the full set of high-dimensional fixed effects,
namely country-brand-week, country-brand-day-of-the-week,
and store, respectively. As shown by the Akaike informa-
tion criterion (AIC), the moderators included in equation (6)
marginally lift the explained variance.

As part of the robustness checks, we estimate a mixed
effects (mixture regression) model to account for unobserved
store feature heterogeneity, allowing for random coefficients at
the store-level. The estimates, reported in the E-Companion,
are similar. Additionally, in Section 6, we report various
robustness checks using alternative specifications as well as
alternative feature operationalizations. Overall, we find a sim-
ilar pattern of findings.

The coefficients of interest are shown in Figure 10.9 The full
model estimates are reported in Table 3. Here, we focus on the
partial lockdown and new normality periods—recall that the
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Table 3. Fixed effects model.

Log Units Sold (1)

Lockdown −1.954∗∗∗

(0.023)
Lockdown × Large Store 0.008

(0.015)
Lockdown × Shopping Mall −0.016

(0.016)
Lockdown × Touristic Area −0.065∗∗∗

(0.019)
Lockdown × Rural Area 0.026∗

(0.015)
Lockdown × High-Income Area 0.191∗∗∗

(0.016)
Lockdown × Low Assortment Overlap 0.118∗∗∗

(0.015)
Lockdown × Low Inventory Days 0.232∗∗∗

(0.016)
Partial −0.275∗∗∗

(0.014)
Partial × Large Store −0.092∗∗∗

(0.009)
Partial × Shopping Mall −0.122∗∗∗

(0.011)
Partial × Touristic Spot −0.096∗∗∗

(0.011)
Partial × Rural Area 0.046∗∗∗

(0.009)
Partial × High-Income Area 0.121∗∗∗

(0.010)
Partial × Low Assortment Overlap 0.061∗∗∗

(0.009)
Partial × Low Inventory Days 0.116∗∗∗

(0.010)
New Normal 0.361∗∗∗

(0.014)
New Normal × Large Store −0.066∗∗∗

(0.008)
New Normal × Shopping Mall −0.039∗∗∗

(0.010)
New Normal × Touristic Spot −0.153∗∗∗

(0.011)
New Normal × Rural Area 0.028∗∗∗

(0.009)
New Normal × High-Income Area 0.063∗∗∗

(0.010)
New Normal × Low Assortment Overlap 0.141∗∗∗

(0.008)
New Normal × Low Inventory Days 0.153∗∗∗

(0.009)
Constant −2.702∗∗∗

(0.003)

Observations 846,878
R2 0.626
AIC 2,972,422
Store FE Yes
Country x Brand x Week FE Yes
Country x Brand x Day FE Yes

Notes: AIC = Akaike information criterion; FE = fixed effect. Robust
standard errors in parenthesis. ∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1.

massive drop during the full lockdown tends to dominate any
secondary effect (Table 2).10 Surprisingly, the features that one
would imagine make the store more profitable are those driv-
ing a more adverse decline in retail activity. More specifically,
large and best-selling stores experience lower sales in partial
and new normality periods. Similarly, stores closer to the high-
est ranked touristic attractions—prime locations, expensive to
run, flagship stores—also observe a larger drop in retail sales.
Stores located inside shopping malls also experience a more
adverse effect—possibly due to more stringent regulations in
large closed spaces as well as increased risk of contagion in
high-traffic areas. On the other hand, high-income and rural
areas safeguard stores from external shocks. Once again, these
stores receive substantially fewer daily visitors than urban,
touristic stores—however, its demand is less sensitive to exter-
nal shocks. In terms of adaptive actions, we find that lower
assortment overlap (i.e., more specialized products) and faster,
fresher inventories drive higher sales.

Resilient stores are specializing on serving a local “captive”
demand (Bell and Lattin, 1998; Ho et al., 1998; Lim et al.,
2021). These stores are small and far away from city centers,
and its demand is local and presumably there are few stores
nearby. That is, there is a single Zara or Bershka store in the
city, and thus travel distance makes shoppers relatively more
loyal to a particular store (Bell et al., 1998; Cachon, 2014;
Singh et al., 2006). Stores catering to a captive demand need to
be more customer-centric, namely better adjust variety to the
current needs of the customer, thereby contributing to a higher
resilience.

In contrast, less resilient stores sell to a large demand,
absorbing positive spillovers from nearby attractions, busi-
nesses, and urban amenities (Davis et al., 2019; Ellickson
et al., 2020; Leonardi and Moretti, 2022). Although potential
demand is large, the customer base is constantly changing:
those who enter the store are temporal shoppers passing by.
These stores function as demand aggregators and cater to
a “blockbuster” clientele, that is, stores are less attached to
local customer needs. Stores located nearby the highest ranked
attractions in the country are expensive to run—prime loca-
tions—and are often seen as signature stores: Fifth Avenue
(New York), Passeig de Gràcia (Barcelona), Champs-Elysées
(Paris), or Via Monte Napoleone (Milan). For decades retailers
unquestionably embraced these locations: any brand wanted
“to be there.” However, these characteristics also make the
store relatively more dependent on constantly recycling one-
off visitors—and that may be unfeasible when shocks reduce
travel, tourism, or urban mobility.

We can extend this set of insights into a broader conceptual
framework, as we anticipated in Figure 2 in the introduction.
This allows us to take a step back from Zara and Bershka,
and set forward generalizable knowledge that speaks to retail
businesses operating brick-and-mortar stores. We expect our
framework to be generalizable in at least two dimensions,
namely other offline settings—for example, general impulse
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Figure 11. Brand-level reduction in catalog: (a) product catalog and (b) products in the store.

product retailing, office spaces, co-working spaces, restau-
rants or entertainment—as well as other large macroeconomic
shocks that shake the profitability of a store.

In terms of managerial implications for operating brick-
and-mortar stores, we overall conclude that features which
more effectively “sync” with local demand enhance resilience.
This includes (a) decisions related to where open the
store—geography, density, street access—as well as (b) deci-
sions to how operate the store—variety and speed. This finding
can be somewhat counterintuitive. One might speculate that
“generalist” stores may be more resilient by offering best-
selling items to catch-all audience, meanwhile “specialist”
stores are more sensitive to shifts in demand tastes. However,
the ability to operate high-velocity inventories as well as curate
their variety to the current needs of the customer are mutually
reinforcing factors that increase resilience to external disrup-
tions. That is, faster-moving inventories allow the store to get
rid of unsold stock, then allowing the store to bring more up-
to-date variety. For instance, during periods of partial mobility
restrictions, it was likely more pertinent to offer comfortable
home-wear over the latest trendy items, as nightclubs were
entirely closed.

Once again, these ideas are not exclusive to the fashion
industry. Managers may want to think in which ways their
businesses can further customize for the loyal consumer. For
restaurants, this may imply offering take-out when dine-in is
not possible or making swift changes to the menu, for exam-
ple, bringing seasonal and local ingredients to the table—even
if this means sacrificing the “best-seller” dishes. For ice-cream
shops, this may imply rotating flavors more frequently to main-
tain sense of novelty. For brands of consumer goods, this may
imply considering retail outlets other than department stores
and shopping malls, for example, small, temporary pop-up
stores.

Interestingly, the value of a specialized store can be related
studies in ecology showing that specialist species can some-
times outperform generalist species (Bascompte and Jordano,

2007; Levins, 1968). Indeed, Bascompte and Scheffer (2023)
described that “increasing heterogeneity of the species” and
“allowing variability” are ways to enhance the resilience of an
ecological network. An intuitive phrase often used is “jack-of-
all-trades is master of none.” As explained by Remold (2012),
“the core of this idea is that generalists bear some cost in each
environment they can use, such that a specialist on a given
environment will always be able to outcompete a generalist
sharing that environment.” For our purposes, we see this link
to nature as a motivation to take the learnings from our work
and apply them in diverse business settings.

These insights bring important managerial implications for
the optimal mix of stores, for spatial competition in retail
(Ellickson et al., 2020; Lim et al., 2021), for thinking as stores
through the lens of risk versus reward, and for the complex
externalities in the geography of retail (Glaeser et al., 2019;
Huff, 1964). Going forward, business owners might want to
tone down the number of flagship stores as well as look with
better eyes spots that are less ambitious but bring stability to
the portfolio of sales (Cachon, 2014)—stores that cater to a
local, small, and loyal demand.

5 Brand-Level Strategies: Shrinking the
Catalog
So far, we have discussed store-level resilience to external
disruptions. A related question of interest to managers and pol-
icymakers is whether retailers implemented any brand-wide
strategic actions to better cope with the pandemic. Figure 11
shows the evidence that they actually did.11 In Panel (a), we
observe that both Zara and Bershka started to reduce the
assortment variety as early as February 2020. This occurs as
a result of launching fewer new products to the market. By
April 2020, the product catalog was about 15% smaller com-
pared to the same period in 2019. Even as of December 2020,
the variety offered remained below a year before.
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In Panel (b), we more closely examine the behaviors of
twelve stores located in Spain. Two findings are noteworthy:
(a) stores reduced variety of products echoing the company-
wide catalog reduction; and (b) they also reduced the amount
of inventory in stock, most likely anticipating a contraction
in the demand. The dotted line indicates that, starting March
2020, the inventory depth remained below 2019. These behav-
iors suggest that some companies were able to respond sur-
prisingly rapidly to the shocks associated with COVID-19,
consistent with theories of optimal assortment management
and the practice of the fast-fashion business model (Caro and
Gallien, 2007, 2010; Caro et al., 2020; Caro and Martı́nez-de
Albéniz, 2015).

The timing of these responses is worth discussing. A strict,
national-wide full lockdown (in which stores were required to
close) occurred between March and April in Spain. Consis-
tent with the fact that no consumption in the offline stores
was possible, Panel (b) shows fairly stable inventory lev-
els in this period, due to the inability to remove inventories
from the stores. It was only once stores were able to operate
under the new capacity and schedule guidelines that inventory
levels were adjusted downward, by selling and not replen-
ishing stock at the same rate. On the other hand, product
variety was reduced much more quickly. Indeed, while in 2019
new products arrived during the season, this product updating
was significantly shrunk in 2020. The company’s strategies
via quantity and variety reduction remained throughout the
year. In particular, we estimate a 20% decrease in assortment
breadth and a 15% decrease in the inventory depth of those
products.

This evidence is meaningful because it suggests that busi-
nesses lacking this kind of operational fast-response might
have experienced a more profound effect. For instance, rapidly
cutting back company-wide per-product inventory depth min-
imizes excessive inventory that must later be sold at deep
markdowns. Going forward, we might expect further devel-
opments in omnichannel operations and higher flexibility in
shrinking/expanding assortments throughout the season (Bell
et al., 2014; Cachon, 2020; Gallino and Moreno, 2018; Lim
et al., 2020).

Finally, despite some evidence of brand-level strategies,
the store-level measures of adaptive resilience are relatively
consistent over time. To see this, we compare the assort-
ment overlap as well as the inventory days before and during
the pandemic. More specifically, a simple OLS regression
shows that the coefficients are 0.96 (p < 0.001) and 0.74
(p < 0.001) for assortment overlap and inventory days, respec-
tively, when the pre-pandemic feature predicts the post feature.
Importantly, it informs that the abilities to fast-response and
customize are determined prior to the external disruption and
beyond the brand strategies. Therefore, it is difficult to dis-
entangle risk mitigation actions vs. risk management actions.
In other words, adaptive resilience seems a consequence of
preparedness.

6 Robustness Checks
Our main results remain unchanged in many robustness
checks. We mention the analyses here and discuss them in
detail in the E-Companion.

1. COVID-19 Infections Nearby the Store. We show the
amplifier role of COVID-19 infections, namely an increase
of infections nearby the store reduces sales.

2. Brand-Specific Catalog. We report similar findings when
controlling for the brand-wide catalog variety.

3. Alternative Delta Period of 4 Days. We report similar find-
ings when re-constructing our sales measure using a delta
period of at most 4 days.

4. Alternative Measure of Store Assortment Overlap. We re-
define assortment overlap as follows:

Assortment Overlapi

=
∑

t∈Ti

∑

k∈Ki,t

∑
i′≠i∈St

1{k,t}∈{i′,t}

#i′ ∈ St

1
#Ki,t

1
Ti

, (7)

where the assortment overlap for store i on date t is defined
as the share of other stores in the same brand x country that

also sell item k on date t (i.e.,
∑

i′≠i∈St
1{k,t}∈{i′ ,t}

#i′∈St
), then averaged

across all items k sold by store i on date t, and then averaged
across time. Thus, higher values indicate greater similarity
with other stores.

5. Alternative Measure of Rural Area. We use the population
density nearby the store.

6. Alternative Measure of Store Size. We use store-level sales
in the pre-pandemic period.

7. Alternative Measure of High-Income Area. We use Tri-
pAdvisor’s number of fine dining restaurants nearby the
store.

8. Alternative Measure of Touristic Spot. We use TripAdvi-
sor’s number of attractions nearby the store.

9. Alternative Measure of Inventory Speed. We use store-level
inventory depth in the pre-pandemic period.

10. High versus Low Sales Variability Pre-COVID-19. We
show that sales variability pre-COVID-19 amplifies sales
drops during the external shock.

11. Duration of Lockdown Phase. We show that the strength of
the lockdown period slightly attenuates external shocks.

7 Discussion and Implications
We used a novel approach to infer sales at the store-day
level, consistent across countries, and with sufficient time
and store-level granularity. This data allowed us to identify
which features make stores more resilient. Our main result
is that size, touristic spots, and locations inside shopping
malls exacerbate the drop in store sales, while rural and high-
income areas attenuate those effects. We also observe that
more resilient stores have lower assortment overlap and lower
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inventory days—that is, they offer a relatively more distinct
variety and operate faster, fresher inventories, respectively.
In other words, while stores are tied to their upstream deci-
sions (e.g., brand catalog), they still possess some degrees of
freedom to increase resilience from local operational choices.

Our findings provide generalizable insights in at least two
domains: industry and policy. Our data covers fashion brands,
but there are no structural differences with other retail indus-
tries that operate brick-and-mortar stores. Our framework of
intrinsic and adaptive resilience speaks to restaurants, depart-
ment stores, consumer electronics, fitness clubs, furniture or
design shops. All these industries are shaped by (a) urban
economics decisions, such as customer-type (basket size,
repurchase frequency, travel distance, and demographics) and
store-type (location, shopping mall, access, and size), as well
as (b) supply-side decisions of relative variety and assort-
ment freshness. In a similar vein, we focus on the COVID-19
shock, but we expect our findings to apply to large, non-
idiosyncratic macroeconomic shocks. Our findings are not
country-specific but rather encompass 20 countries, of all
which experienced similar non-health-related policies. This
consistency adds external validity to other shocks in which
store functionality and shopping habits are driven by a set of
shared policies.

Some of our empirical results challenge established Folk
Knowledge about offline stores. To begin with, flagship stores
were often conceived as “live proof” of success. In the words
of Valentino’s CEO, signature stores send a “key message
to the market.” A brand prides itself of operating a flag-
ship store in New York, in Barcelona, in Tokyo, or in Lon-
don—especially if those stores are right next to landmark
spots. These kinds of stores are often large and expensive to
run, but pay off because they welcome thousands of shoppers
every day due to their proximity to many touristic attractions.
For instance, the Louvre received 45,000 visitors on a busy
day pre-pandemic—many of which are likely to spillover a
Zara nearby. However, this volatile exposure can make such
store more sensitive to external shocks, namely, it multiplies
demand swings.

On the other hand, resilient stores are less ambitious
endeavors: not gigantic spaces, not prime locations, away from
urban centers, and with street access. These features make
the store ideal to serve a captive demand—and as a result,
customers tend to be more local and loyal. Stores in Elche
(Spain) or McLean (the United States) probably do not receive
many tourists, thereby buffering the gains and the losses. Addi-
tionally, specialized stores in terms of relatively more curated
assortment as well as faster inventory days experienced a
less adverse decline in sales and a faster recovery during the
pandemic.

What can managers learn from the results covering Zara
and Bershka presented in this article? In other words, what
can managers do to strengthen store resilience? It is helpful
to distinguish between structural and tactical actions. Borrow-
ing a term from the Finance literature, our findings suggest
that managers should start thinking about the “risk-portfolio

optimization” for their stores. A manager should ask: What
mix of stores is the optimal mix for my business? Do I want
all my stores to be in flagship locations? Our findings suggest
that the answer is no. Indeed, judging from the recent wave of
retailers shutting down stores or filing bankruptcy, managers
may have overlooked this simple, yet fundamental question.
There is a Marketing role that a signature store conveys to
the market—customers and competitors—and those return-
on-investment economics are complex to quantify. However, it
seems unlikely that only operating flagship stores is the opti-
mal mix. Instead, the right mix might also include local stores
that cater to a local and captive demand, which safeguards from
external shocks and charts a more sustainable way of business.

This structural analysis of the retail configuration does
not, however, allow managers to tactically react to external
shocks. Our results establish that managers still possess sev-
eral degrees of freedom to increase store resilience. Some of
these actions include contracting/expanding the brand-wide
catalog variety throughout the season, adjusting inventory
days, and the flexibility to update the store assortment overlap
(or relative novelty). We are mindful that this is not straightfor-
ward to implement: at the corporate level, it implies granting
greater power to store-level decisions, which might be harder
and less efficient to plan. Although this de-centralization
may seem less cost-effective, it enhances the resilience of
brick-and-mortar stores. We find that keeping lighter invento-
ries and tuning the store-level assortment (dis)similarity with
other stores might be a great lever to respond to the inter-
play between fashion trends, external shocks, and customer
changes.

Finally, our findings open up new avenues for research in
retail management in marketing, operations, and urban eco-
nomics. While our study examined two leading fashion brands,
future research could expand our line of work by consid-
ering other firms in fashion, other industries (e.g., restau-
rants), as well as other macroeconomic shocks or additional
datasets that complement web-scraped high-frequency inven-
tories. It would also be interesting to establish the dynamics
between store-resilience and cross-channel substitution into
online retail (Hwang et al., 2020). Furthermore, the interaction
of the retail store with its physical surroundings—for example,
stores and services, transportation, pedestrian, or vehicle traf-
fic—seems an important element that affects the number of
potential shoppers and lies at the heart of our proposed con-
ceptual framework. It is thus likely that the observed resilience
of the store extends beyond it and encompasses the “human
habitat” around it: establishing a broader measure of resilience
would advance our understanding of urban spaces.

Appendix A
Figure A1 provides a visual perspective for 3,142 stores
throughout 97 countries. To simplify, we restrict attention to
the average year-on-year variation in units sold, experienced
by the stores during November 2020.
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Figure A.1. Global map Nov-20 versus Nov-19: % change in total units sold per store: (a) Europe, (b) North America, and (c) East Asia.
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Notes
1. There is some resemblance to the ideas of resilience in ecology,

defined as “the capacity of a system to persist with and adapt
to change” (Nyström et al., 2019). There is also resemblance to
psychology, which considers resilience as the combination of a
“personal trait” as well as a “dynamic process of change” (Olsson
et al., 2015).

2. The countries are Austria, Belgium, Canada, Denmark, France,
Germany, Greece, Ireland, Israel, Italy, Japan, Mexico, the
Netherlands, Norway, Poland, Portugal, Spain, Sweden, the
United Kingdom, and the United States.

3. Estimated using airport traffic data from 20 countries. Chi-
nazzi et al. (2020), Glaeser et al. (2020), and Brinkman and
Mangum (2021) also reported vast decreases of travel within the
city. Indeed, flight noise has decreased so drastically that sci-
entists have been able to recover natural earth seismic signals,
previously confounded with human noise (Lecocq et al., 2020).

4. To provide a visual intuition for the uniform assortment, consider
the screenshots in the E-Companion. We observe the same denim
shoes across countries in Zara’s online store.

5. The E-Companion reports the distribution of inventory depth.
6. Section 6 reports the robustness specifications using a delta

period of 4 days.
7. We do not find evidence that offline store fulfillment of online

orders was systematically correlated with COVID-19 interven-
tions.

8. To illustrate, when f = Mall, then we have the interaction
between Lockdowni,t and Malli, between Partiali,t and Malli, and
between New Normali,t and Malli (all of which are indicator vari-
ables in this case). Note that the main effects of features f ∈ F
are absorbed by the store fixed-effects, but the interaction with
the regulation (our object of interest) is identified.

9. All coefficients are statistically significant at the 1% level.
The estimates are expressed relative to the baseline store. For
example, the coefficient for new normality × high-income is
shown as (exp(𝛽3 + 𝜆̂3,High-Income) − 1) ∗ 100 − (exp(𝛽3) − 1) ∗
100.

10. For completeness, the interaction terms for the lockdown period
are visualized in the E-Companion.

11. The comparison is shown year-on-year to account for seasonality.
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Mora JV and Ruiz P (2021) Tracking the COVID-19 crisis with
high-resolution transaction data. Royal Society Open Science 8(8):
210218.

Chetty R, Friedman J, Hendren N, Stepner M, et al. (2020) How did
COVID-19 and stabilization policies affect spending and employ-
ment? A new real-time economic tracker based on private sector
data. NBER Working Paper No. 27431.

Chinazzi M, Davis JT, Ajelli M, Gioannini C, Litvinova M, Mer-
ler S, y Piontti AP, Mu K, Rossi L, Sun K, et al. (2020) The
effect of travel restrictions on the spread of the 2019 novel
coronavirus (COVID-19) outbreak. Science (New York, N.Y.)
368(6489): 395–400.

Chiu WA, Fischer R and Ndeffo-Mbah ML (2020) State-level needs
for social distancing and contact tracing to contain COVID-19 in
the United States. Nature Human Behaviour 4(10): 1080–1090.

Davis DR, Dingel JI, Monras J and Morales E (2019) How segre-
gated is urban consumption? Journal of Political Economy 127(4):
1684–1738.

DeHoratius N, Holzapfel A, Kuhn H, Mersereau AJ and Sternbeck
M (2023) Evaluating count prioritization procedures for improv-
ing inventory accuracy in retail stores. Manufacturing & Service
Operations Management 25(1): 288–306.

Egger D, Miguel E, Warren SS, Shenoy A, Collins E, Karlan D, Park-
erson D, Mobarak AM, Fink G, Udry C, et al. (2021) Falling living
standards during the COVID-19 crisis: Quantitative evidence from
nine developing countries. Science Advances 7(6): eabe0997.

Einav L and Levin J (2014) Economics in the age of big data. Science
(New York, N.Y.) 346(6210): 1243089.

Ellickson PB, Grieco PL and Khvastunov O (2020) Measuring com-
petition in spatial retail. The RAND Journal of Economics 51(1):
189–232.

Fisher ML, et al. (1997) What is the right supply chain for your
product? Harvard Business Review 75: 105–117.

Gallino S and Moreno A (2018) The value of fit information in online
retail: Evidence from a randomized field experiment. Manufactur-
ing & Service Operations Management 20(4): 767–787.

Glaeser CK, Fisher M and Su X (2019) Optimal retail location:
Empirical methodology and application to practice: Finalist–2017
m&som practice-based research competition. Manufacturing &
Service Operations Management 21(1): 86–102.

Glaeser EL, Gorback C and Redding SJ (2020) JUE insight: How
much does COVID-19 increase with mobility? Evidence from
New York and four other US cities. Journal of Urban Economics
103292.

Goolsbee A and Syverson C (2021) Fear, lockdown, and diversion:
Comparing drivers of pandemic economic decline 2020. Journal
of Public Economics 193: 104311.

Guan D, Wang D, Hallegatte S, Davis SJ, Huo J, Li S, Bai Y, Lei
T, Xue Q, Coffman D, et al. (2020) Global supply-chain effects
of COVID-19 control measures. Nature Human Behaviour 4(6):
577–587.

Ho T-H, Tang CS and Bell DR (1998) Rational shopping behavior and
the option value of variable pricing. Management Science 44(12-
part-2): S145–S160.

Huff DL (1964) Defining and estimating a trading area. Journal of
Marketing 28(3): 34–38.

Hwang EH, Nageswaran L and Cho S-H (2020) Impact of COVID-19
on omnichannel retail: Drivers of online sales during pandemic.
Available at SSRN 3657827.

Hwang M, Bronnenberg BJ and Thomadsen R (2010) An empiri-
cal analysis of assortment similarities across US supermarkets.
Marketing Science 29(5): 858–879.

International Monetary Fund (2021) World Economic Outlook, April
2021: Managing Divergent Recoveries.

Josephson A, Kilic T and Michler JD (2021) Socioeconomic impacts
of COVID-19 in low-income countries. Nature Human Behaviour
1–9.

Kleindorfer PR and Saad GH (2005) Managing disruption risks in
supply chains. Production and operations management 14(1):
53–68.

Lecocq T, Hicks SP, Van Noten K, Van Wijk K, Koelemeijer P,
De Plaen RS, Massin F, Hillers G, Anthony RE, Apoloner M-T,
et al. (2020) Global quieting of high-frequency seismic noise due
to COVID-19 pandemic lockdown measures. Science (New York,
N.Y.) 369(6509): 1338–1343.

Leonardi M and Moretti E (2022) The agglomeration of urban ameni-
ties: Evidence from Milan restaurants. NBER Working Paper
29663.

Levins R (1968) Evolution in Changing Environments: Some Theo-
retical Explorations. Princeton University Press.

Lim SFW, Gao F and Tan T (2020) Slow and steady, or fast and furi-
ous? An empirical study about omnichannel demand sensitivity
to fulfillment lead time. SMU Cox School of Business Research
Paper.

Lim SFW, Rabinovich E, Park S and Hwang M (2021) Shopping
activity at warehouse club stores and its competitive and network
density implications. Production and Operations Management
30(1): 28–46.

Martı́nez-de Albéniz V (2019) Omnichannel strategy at camper.
IESE Business School Case Study No. IES733.

Mende M, Grewal D, Guha A, Ailawadi K, Roggeveen A, Scott ML,
Rindfleisch A, Pauwels K and Kahn B (2023) Exploring con-
sumer responses to COVID-19: Meaning making, cohort effects,
and consumer rebound. Journal of the Association for Consumer
Research 8(2): 220–234.

Mueller JT, McConnell K, Burow PB, Pofahl K, Merdjanoff AA
and Farrell J (2021) Impacts of the COVID-19 pandemic on
rural America. Proceedings of the National Academy of Sciences
118(1).

National Geographic (2021) COVID-19 surpasses 1918 flu as dead-
liest pandemic in U.S. history.

New York Times (2020) 1st Vaccination in U.S. Is Given in New York,
Hard Hit in Outbreak’s First Days.

Nyström M, Jouffray J-B, Norström AV, Crona B, Jørgensen PS, Car-
penter SR, Bodin Ö, Galaz V and Folke C (2019) Anatomy and
resilience of the global production ecosystem. Nature 575(7781):
98–108.



Mart𝜄nez-de-Albéniz et al. 1187

Olsson L, Jerneck A, Thoren H, Persson J and O’Byrne D (2015)
Why resilience is unappealing to social science: Theoretical and
empirical investigations of the scientific use of resilience. Science
Advances 1(4): e1400217.

Remold S (2012) Understanding specialism when the jack of all
trades can be the master of all. Proceedings of the Royal Society
B: Biological Sciences 279(1749): 4861–4869.

Rosenthal SS, Strange WC and Urrego JA (2021) JUE insight: Are
city centers losing their appeal? Commercial real estate, urban
spatial structure, and COVID-19. Journal of Urban Economics
103381.

Salje H, Kiem CT, Lefrancq N, Courtejoie N, Bosetti P, Paireau J,
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