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Abstract

This paper investigates a number of general phenomena connected with consumer
behaviour in response to a severe economic shock, using billions of French card trans-
actions measured before and during the COVID-19 epidemic. We examine changes
in consumer mobility, anticipatory behaviour in response to announced restrictions,
and the contrasts between the responses of online and traditional point-of-sale (off-
line) consumption expenditures to the shock. We track hourly, daily and weekly re-
sponses as well as estimating an aggregate fixed-period impact effect via a difference-
in-difference estimator. The results, particularly at the sectoral level, suggest that re-
course to the online shopping option diminished somewhat the overall impact of the
shock on consumption expenditure, thereby increasing resiliency of the economy.
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1 Introduction

Faced with a significant shock, economic agents must adapt. The nature of that adaptation,
and the degree to which adaptation may limit the impact of the shock, is of great importance
for the resiliency of the economy as well as being of inherent interest. This paper studies
this aspect of consumer behaviour in the context of one of the most significant economic
shocks that has been observed, the restrictions imposed in response to the COVID-19 epi-
demic, using an exceptionally rich and detailed data set of French consumer transactions,

both online and point-of-sale (‘off-line’).

The World Health Organization received the first report of a suspected outbreak of a
novel coronavirus named COVID-19 in Wuhan, China on December 31, 2019. The out-
break subsequently affected countries worldwide. As of April 24, 2,710,238 people have
been diagnosed with COVID-19 and over 190,889 deaths have been confirmed (John Hop-
kins University and Medicine, 2020).! At the time of writing, France has the fourth highest
number of deaths per capita after Spain, Italy and Belgium, with 28.9 deaths per 100,000
population (John Hopkins University and Medicine, 2020). To halt the spread of infection
and isolate infected or exposed individuals from the general population, major public pol-
icy measures that include shutdown, mobility restrictions, and mandatory containment have
been put in place, and have caused severe declines in the level of output in many economies
(Atkeson, 2020a; Piguillem and Shi, 2020; Guerrieri et al., 2020; Eichenbaum et al., 2020;
McKibbin, 2020), with consumers’ expenditure potentially dropping by around one-third
(OCDE, 2020; INSEE, 2020).

In such a rapidly changing environment, it is extremely difficult to quantify the mag-
nitude of the impact on such measures on GDP, consumer spending, and business sales;”
official macroeconomic data are limited in frequency, accuracy and coverage, and little is

known about how economic activity adapts at the hourly, daily and weekly scales.

The objective of this paper is to investigate this economic adaptation, using data from

IFor further information, please consult the coronavirus resource center: https://coronavirus.jhu.edu.

2Hassan et al. (2020) has developed text-based measures of the costs, benefits, and risks listed firms in the
US and over 80 other countries associate with the spread of COVID-19. They identify which firms expect to
gain or lose from an epidemic disease and which are most affected by the associated uncertainty as a disease
spreads in a region or around the world. They find that firms’ primary concerns relate to the collapse of
demand, increased uncertainty, and disruption in supply chains. Bartik et al. (2020) use survey data to shed
light on how COVID-19 is affecting small businesses. They confirm mass layoffs, closures, and financial
fragility for small businesses.


https://coronavirus.jhu.edu/map.html
https://coronavirus.jhu.edu/map.html
https://coronavirus.jhu.edu/map.html

billions of French consumer transactions before and during the shock induced by COVID-
19. We document changes in consumer mobility, changes in consumption patterns in time
(hourly, daily and weekly), by region (Paris/Other), by economic sector, and by channel (of-
fline/online). To characterize the overall effect we estimate difference-in-difference models
of the impact on consumption before and after the lockdown, and we study how the online

channel can help consumers and the economy to mitigate the cost of mobility restrictions.

To do so, we exploit one of the richest data sets that has been made available to re-
searchers, consisting of the set of transactions made on millions of bank cards in France,
over the period before the mandatory containment, namely January - March 16 2019 and
2020, and the period during the containment, namely March 17 to April 19 2019 and 2020,
totaling nearly 4.5 billion transactions.? The detailed information on timing and location of
the transaction, and nature of the merchant, allows us to draw conclusions at an exceptional
level of detail and to explore patterns both in space and time in individuals’ consumption
expenditures. In particular, we are able to characterize regular expenditure patterns within
the week and within the day, and to study the mobility of cardholders (consumers) be-
fore and during the containment. Moreover, because it is possible to separate online and
point-of-sale (or ‘off-line’), Paris and others cities’ transactions, we are able to contrast
the patterns of consumption observable in each of these four classes of consumer payment.
Perhaps most importantly, we are able to investigate the degree to which the availability
of two shopping channels (online and off-line) may have enabled consumer adaptation and

increased economic resiliency.

The present paper uses nearly five billion payment card data from approximately 70
million cards issued by all banks in France; in so doing, we avoid the potential for bias
arising from the use of data from specialized means of payment which may be used by a
small fraction of the general population. Because the sample is from France, in which there
was a national plan with which all administrative regions and cities had to comply without
exception, there is uniformity of the measures throughout the geographical sample. The
location information in the data also permit us to analyse changes in consumer mobility
by measuring distances between successive purchases in different locations. As well, we

are also able to separate in-store (off-line) from online transactions, and analyse how the

3These data were made available thanks to a partnership with Groupement des Cartes Bancaires CB,
and we exploit the card payments data in accordance with the EU General Data Protection Regulation, in
application of Article 89. We use the abbreviation ‘CB’ to indicate the source of the card payments.



online channel has contributed to mitigation of the economic shock.*

A number of results emerge. First, the mandatory containment has significantly affected
consumers’ mobility: cards travelled on average one-quarter of the total distance during the
containment period in 2020 compared with the same period in 2019, visited fewer cities
(65% of cards were used a single city compared with 26% in 2019), spent more in the
home city (64% of transaction values are recorded in the home city during the containment
period versus 13% in 2019), and are concentrated on a lower number of retailers (58% of
cards were used only at retailers located in the home city during the containment in 2020,
compared with 26% of cards in the corresponding period in 2019). Second, we estimate
strongly significant declines in both value and volume (50% and 59% respectively) during
the containment period, and a strongly significant increase in average transaction volume
(20%), consistent with fewer shopping trips but a greater value of purchases in each; we
observe that the overall decline in consumer spending is significantly greater at the end of
the day, at the end of the week, in physical stores (compared to online) and, in Paris (com-
pared with other cities and regions). We also find that consumers responded strongly to
announcement of the containment restrictions, first with some anticipatory purchases — the
total transaction value increased by almost 40% on the last day before the containment pe-
riod, March 16 — and second by a dramatic drop in the first days of containment, stabilizing
thereafter at around -60%. Third, the online/off-line comparison and sectoral decompo-
sitions permitted by our data provide insight into the importance of the online option in
mitigating the effects of the shock. We find that the overall decline in off-line expenditure,
around -60%, was approximately twice as great as the decline in online expenditure, stabi-
lizing at approximately -30%. We also note a number of sectors of the economy, typically
those for which physical delivery of goods to a consumer’s home is feasible, in which on-
line purchases increased during the period of containment, thereby mitigating the effects
of reduced consumer mobility and potentially diminishing the overall impact on aggregate

consumption and therefore national income.

This paper is one of the first to investigate the causal impact of Covid-19 pandemic on
consumers’ mobility, expenditure and online-offline substitution. It therefore contributes to

a large literature on household expenditure (see among others Souleles 1999; Johnson et al.

“Relatedly, Chiou and Tucker (2020) show that having high-speed I internet access can explain part of the
observed inequality in individuals’ ability to self-isolate.



2006; Agarwal et al. 2007; Agarwal and Qian 2014; Kaplan and Violante 2014; Di Mag-
gio et al. 2017; Baker 2018), to a recent literature on consumer mobility (Agarwal et al.
2019a; Bounie et al. 2020), and finally to the extensive recent literature on the economic
consequences of the COVID-19 that spans macroeconomic perspectives (Atkeson, 2020a;
Piguillem and Shi, 2020; Guerrieri et al., 2020; Eichenbaum et al., 2020; McKibbin, 2020),
financial markets (Alfaro et al., 2020; Baker et al., 2020a), labour markets (Alon et al.,
2020; Dingel and Neiman, 2020), health (Kuchler et al., 2020; Atkeson, 2020b), social
distancing (Jones et al., 2020; Chiou and Tucker, 2020), and firms and households. The

present study pertains to the last category, and specifically to households.

Chen et al. (2020) use daily transaction data in 214 cities to study the impact of COVID-
19 on consumption after China’s outbreak in late January 2020. China was the first country
to experience a large-scale outbreak, and the first country to implement drastic measures to
contain the spread, e.g. lockdown, social distancing, tracing, and closure of non-essential
activities. The authors use transaction data from one of China’s largest payment service
providers, UnionPay, which covers around 30% of China’s total retail consumption offline.
Using difference-in-differences regressions to estimate effects on daily offline consump-
tion, they find that heavily exposed cities, such as Wuhan, saw their offline consumption
reduced by close to 70% during a twelve-week period, and infer that China’s 2019 GDP
decreased by 1.2%. Carvalho et al. (2020) also use transaction data, from BBVA, the
second-largest bank in Spain, to analyse the dynamics of expenditure during the ongoing
COVID-19 pandemic. They find a significant reduction of about 49% in aggregate expen-
diture when compared with the same period in 2019. They also find sectoral and regional
variations in expenditure change in the data, and that off-line expenditure declined sub-
stantially more than the online expenditure after the national lockdown. Andersen et al.
(2020) is another study that uses transaction-level customer data, from the largest bank
in Denmark; Denmark experienced a partial shutdown of economic activity, less restric-
tive than in Spain for instance. This study finds that aggregate card spending dropped by
around 25% following the shutdown. The drop is mostly concentrated in restricted goods
and services, and is larger for individuals more exposed to the economic and health risks
introduced by the COVID-19 crisis. Finally, Baker et al. (2020b) use a sample of several

hundred thousand transactions made by 4,735 US consumers who hold accounts with a



non-profit Fintech company that works with individuals to sustain savings habits.> They
find that initially spending increased sharply, particularly in retail, credit card spending
and food items, and was followed by a sharp decrease in overall spending. Households

responded most strongly in states with shelter-in-place orders.

The present research differs from those just cited by analysing the payment card data
of the domestic card payment scheme in France, and thus from the customers of all French
banks, rather than from a single major French bank. We therefore expect excellent cover-
age of French consumers and of the effects of the crisis throughout the country. The rest
of the paper proceeds as follows: Section 2 describes the development of the COVID-19
in France. Section 3 presents the data used in the paper. Section 4 analyses consumers’
mobility. Section 5 documents changes in consumption expenditure over time, region and
channel (off-line/online). Section 6 presents estimates of formal models and our main re-
sults concerning consumer behaviour, differential impacts across sectors and online/offline

substitution. Section 7 concludes.

2 Chronology of the COVID-19 epidemic in France

In this section we will emphasize a few key dates for our later analysis.

The first three cases of COVID-19 in metropolitan France were identified as of January
24, 2020. On February 23, France put in place a four-stage plan to respond to the coro-
navirus pandemic. In stage 1, from February 23, the virus was not in general circulation
in the population. Stage 2 was triggered on February 29, when 100 people identified as
infected. On March 12, French President Macron made his first speech on the epidemic
situation, ordering the closure of kindergartens, schools and universities from Monday 16
March. By March 14, 4,500 cases were confirmed; the epidemic reached stage 3 on that
date, with all places receiving non-essential public traffic closed from Sunday March 15.
Exceptions included for instance pharmacies, banks, food stores, gas stations, and tobacco

stores.

These measures were reinforced on Monday March 16 at 8 pm, when the French author-

ities announced the introduction of new Stage 4 measures to come into force the following

SEach Fintech account is linked to a primary bank account including checking, savings, and credit card
accounts.



day for a minimum period of fifteen days: from March 17 at noon (Tuesday), the popu-
lation became confined to their homes except for authorised reasons, in order to slow the
spread of the virus and therefore keep the number of deaths to a minimum.

All travel was reduced to what was deemed strictly necessary, companies were required
to organise themselves to facilitate distance working, meetings with family or friends were
no longer permitted, and breaches of the conditions were to be punished. Furthermore, in
consultation with other European leaders, the borders of the Schengen area were closed
and travel between non-European countries and the European Union was suspended. Full
compliance with the conditions was expected to be delayed by 5 to 7 days, as travellers

returned to their homes, in many cases by train.

The regions most affected were Ile-de-France (Paris), the Grand Est (Strasbourg), Au-
vergne Rhone-Alpes (Lyon), Provence-Alpes-Cote d’ Azur (Marseille), and Hauts-de-France
(Lille) (see Figure 1).° On March 27, Prime Minister Edouard Philippe announced the ex-
tension of the national containment until at least April 15. On April 7, the Paris Prefecture

and City Hall made the decision to ban individual sports activities in the capital between

10 am and 7 pm.
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Figure 1: Geographical location of outbreaks of infection

OThe statistics reported in this section and displayed in Figure 1 are based on public data provided by the
French government and available here.


https://www.gouvernement.fr/info-coronavirus/carte-et-donnees

On April 13, French authorities announced the possibility of at least partial lifting of
the containment on May 11, with specific details to be determined based on monitoring of

epidemiological indicators.

3 The Cartes Bancaires CB data

Official data on consumer expenditure are typically available at the monthly frequency. As
a result, short-run consumption fluctuations are poorly documented in the economic liter-
ature, particularly at the intra-day frequency. These relatively high-frequency fluctuations
are nonetheless important in order to monitor economic activity on a day-to-day basis, par-
ticularly in the context of extreme events such as the pandemic. The filtering of predictable
fluctuations within the week is also necessary in order to obtain a signal of the strength of

economic activity updated daily in real time.

Here we use one of the richest data sets adapted to real time analysis of economic
activity: card payments. France has a mature bank card (carte bancaire) market, and Cartes
Bancaires CB is one of the leading schemes, created by the French banks in 1984, and
which by 2019 had more than 100 members (including payment service providers, banks
and e-money institutions).” As of 2018 there were 70.4 million CB cards in use in the CB
system, and 1.77 million CB-affiliated merchants (CB, 2018). Thanks to a partnership with
Groupement des Cartes Bancaires CB, we are able to observe each of the card transactions
very precisely. A transaction is characterized by its value, the date of the transaction, the
time of day recorded to the second, the geographical location of the merchant, the statistical
classification of the type of purchase, and the type of purchasing channel used during the
transaction, i.e. off-line or online. The detailed information on timing and location of the
transaction, the nature of the merchant, and the type of purchase, i.e. online or off-line
(i.e., point-of-sale transactions), allows us to provide detailed descriptions of both intra-
day and intra-week consumption fluctuations, and to contrast consumption patterns along

the geographical and technological (online/off-line) dimensions.

This data set is exceptional in its coverage, allowing us to capture a significant pro-
portion of all consumer expenditure in France. To appreciate the richness of the Cartes

Bancaires CB data set, consider a few comparisons with national statistics provided for the

"We use the abbreviation ‘CB’ to indicate the source of the card payments.



full year 2018 by the National Institute of Statistics and Economic Studies (INSEE). GDP
in France in 20188 was estimated as € 2,350 billion, with € 1,221 billion (52 percent of
GDP) representing household consumption expenditure. Excluding fixed charges (rents,
financial services, insurances) from household consumption expenditure, as these are typi-
cally paid by direct debits and credit transfers, the remaining part of consumer expenditure
amounts to € 802 billion (34 percent of GDP). Comparing these figures with total CB card
payments (€ 465 billion), the value of CB card payments represents 20 percent of French
GDP, 38 percent of total household consumption expenditure, and finally 58 percent of total

household consumption expenditure excluding fixed charges.

The data set that we use in this paper takes a sample from the years 2019 and 2020,
rather than the universe of transactions; the sample spans periods before and during the
COVID-19 crisis and comprises 2.4 and 2.1 billion CB card transactions in 2019 and 2020
respectively, for total values of about € 84.1 and € 74.5 billion.” A summary of descriptive
statistics is provided in Table 1. We distinguish two periods in each panel: the first period
before the mandatory containment, i.e. January 6 to March 16, 2019 and 2020, and the
second period during the containment or the analogous points in 2019, i.e. March 17 to
April 19, 2019 and 2020.'° We will compare the evolution of consumption expenditures
before and during the containment period in the next sections. It is nonetheless clear even
from the summary statistics in Table 1 that while the distributions of values are similar prior
to the containment dates, there are large differences in the values of payments during the
containment dates in 2019 and 2020: the average value of a card payment increases (from
35to 41 €) as do the median (from 20 to 24 €) and the third quantile, while the total value

declines precipitously.

8We use 2018 national statistics because 2019 statistics are not yet available.

“We limit the sample to Metropolitan France, which excludes the overseas territories.

10Note, for instance, that the days analogous to January 6 2020 and March 17 2020 (Monday and Tuesday)
are January 7 2019 and March 19 2019 respectively.



Table 1: Summary of descriptive statistics

Obs. Sum

Mean 1 Median 3 Std. Dev.
Q Q (billion) (killion €)
Panel A: Transaction values in 2019
Before containment 36 10 20 41 78 1.6 56.1

During containment 36 10 20 41 78 0.8 28.0

Panel B: Transaction values in 2020
Before containment 35 10 20 40 77 1.7 58.0

During containment 41 10 24 46 59 0.4 16.5
Notes: This table reports the summary of descriptive statistics of card transaction values in 2019

and 2020. Q1, Median and Q3 represent the first, second and third quartiles of transaction values

(in euro).

4 Changes in consumers’ mobility

As outlined in Section 2, the French government decided on March 17 to limit individ-
uals’ mobility except for authorised reasons. In this section, we measure the effect of
this containment on consumer mobility and expenditure outside the home city. First, we
measure the distance in kilometres that each card travels between cities in the course of
point-of-sale transactions, before and during the COVID-19 pandemic. Second, we ana-
lyze home-city and external (away’) expenditure patterns, again comparing before- and

during-containment periods.

4.1 Consumer mobility across cities

To calculate consumer mobility, we apply the methodology developed in Bounie et al.
(2020). We measure the geographical distance between two distinct geographical pur-
chasing locations such as cities, using the Haversine distance formula. The latter formula
computes shortest distances between points on a sphere, as opposed to using road or rail
network information. This measure requires precise information on merchants’ locations;
fortunately, each transaction in our data contains a merchant identification number, a code
which gives the precise postal address of the merchant including the postal code, which we

use at the five-digit level.!!

Figures 2a and 2b display the distances traveled by 8.4 million cards, within Metropoli-

UFor a more formal definition of the measure, see Bounie et al. (2020).



tan France, during comparable periods in 2019 and 2020.'? The horizontal axes indicate
the interval of distances travelled in 10 kilometre intervals, truncated at 1000km and ex-
cluding zero km, while the vertical axis in each figure indicates the proportion of cards
(we note that approximately 64% of cards travelled zero km during containment, while
the comparable figure is 26% for the same period of the previous year). In Figure 2a, we
observe that before containment, the distances travelled by cards were virtually identical
in 2019 and 2020. However, Figure 2b shows quite a difference between 2019 and 2020;
a card travelled one-quarter of the distance on average during the 2020 containment rela-
tive to the comparable period in 2019 (71 kilometres versus 315 in 2019). Similarly, while
80% of cards travelled less than 30km in 2020, the comparable figure is 500km in 2019.
Outside the range of these figures, the largest values in the sample exceeded 20,000km and
18,000km for 2019 and 2020, respectively.

(a) Before containment (b) During containment
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Figure 2: Distances travelled by cards between point-of-sale transactions

Figure 3 describes a different indicator of mobility, the number of cities and towns in
which each card is used. Again, we see no pre-containment-period distinction between
consumer mobility across cities in 2019 and 2020 (Figure 3a). However, we observe in
Figure 3b that a 65% of cards were used in a single city during the containment in 2020,,
compared with 26% in 2019. The maxima are 16 cities visited in 2020, and 29 in 2019.

12“Metropolitan France’ excludes overseas territories. We use a sample of valid cards over the periods; for
comparability, we randomly select among cards valid throughout the year 2019 and the period of interest in
2020.
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(a) Cities - Before containment (b) Cities - During containment
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Figure 3: Card mobility by number of cities

4.2 ‘Home’ and ‘away’ expenditures

In the previous section we looked at consumer mobility without reference to a home base.
In this section we consider consumer expenditures in or outside the cardholder’s home
location, to assess the impact of the containment measure. We start by defining a card’s
home city or département as the location in which the largest number of transactions takes

3

place;!® next we compute the proportions of transaction values taking place in the home

location, and externally ("away’) for each card, whether before or during the containment.'#

Figure 4 plots the proportions of transactions made externally to the home city, at inter-
vals of 0.1, before and during the relevant periods in 2019 and 2020. We observe in Figure
4a that 88% of the transactions values occurred outside the home city in 2019 and 2020
before containment, with the most commonly occurring outcomes in the range of 60-80%
of transaction value occurring outside the home city. Regarding containment and the com-
parable period of 2019, we see in Figure 4b that the proportions of transactions outside
the home city was much lower in 2020: 36% of transaction value was recorded outside
the home city during the containment period, compared with 87% for comparable dates in

2019. (Note the difference in scales of the figures, to accommodate the high value at zero
in 2020.)

13We use the before-containment period to define the cardholder’s home region.
14For more details concerning these measures, see Bounie et al. (2020).
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(a) Before containment (b) During containment
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Figure 4: Consumption expenditures in value outside home city

The distinction between home and away expenditure patterns is also visible in the num-
ber of point-of-sale retailers visited before and during containment. Recall that in addition
to containment, the French government imposed the closure of non-essential public places
of business such as hotels, restaurants, and bars. Figures 5a and 5b exhibit the number of
retailers from which any purchases were made. We see that the number of retailers making
sales was substantially lower during the containment in 2020 than at the same period in
2019. More precisely, 58% of cards were used in retailers located in the home city during
the containment in 2020, and a small proportion of cards are used in retailers outside the
home city; in contrast, 26% of cards were used only in the home city at the same period in
2019.

(a) Before containment (b) During containment
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Figure 5: Number of retailers visited outside home city

12



5 Changes in patterns of consumption

In this section, we document changed patterns of consumption expenditure arising from
mobility restrictions and closures of non-essential activities. We emphasize the aspects of
these patterns that will be particularly important background to the formal analysis in the

next section, particularly the online/off-line contrasts.

5.1 Daily, Intra-Day and Intra-Week Consumption Fluctuations

Figure 6 displays the aggregate value and volume of transactions per day from January
2019-20 to April 2019-20. Three observations can be made: first, economic activity is very
similar for the years 2019 and 2020 up to March 15, the date at which all places receiving
non-essential public traffic are closed. Second, we note a sudden increase in activity of
about 40 percent on March 16, one day before the decision of the French government to
order home containment. Third, with the containment in force from March 17, we observe
a significant drop in activity of more than 60 percent in value and number of transactions

in the three weeks following the containment.

(a) Value (b) Volume
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Figure 6: Daily Consumption Fluctuations, January-April 2019-20

A similar description of economic activity throughout the day can be conducted before
and during the containment, focusing mainly on the value of transactions, as we observe
very similar patterns for the volume of transactions (as illustrated in Figure 6). Figure 7
displays the value of card payments made in France at each hour of the day before and
during containment. For the pre-containment period, we average all days from January

6 through March 16 inclusive; for the containment period, we average for all days from

13



March 17 to April 19. We note that economic activity follows a bi-modal pattern with two
peaks, at 11am and 5pm before containment. We also note that before containment more
transactions are carried out at the end of the day than at the beginning. During contain-
ment, we also observe a bi-modal pattern but the peaks are reached at 10am and 3pm, with

significantly less economic activity in the afternoon.

(a) Value - Before containment (b) Value - During containment

pul
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Value of transactions (million €)

012 34567 8 951011121314151617 1819 2021 22 23 012 34567 8 91W011121314151617 1819 2021 22 23
Hour Hour

Figure 7: Intra-Day Consumption Fluctuations, January-April 2019-20

We now turn to the description of economic activity throughout the week. Figure 8
displays the total value of purchases by hour and day of the week. Before containment,
we observe a similar bi-modal distribution for each day from Monday to Saturday, and
increasing economic activity in the course of the week. Consumption expenditure is highest
on Saturday (+28% compared with the average of the other days of the week) and is lowest
on Sunday (-46% compared with the average of the other days of the week); most stores
are closed on Sunday because of legal restrictions. We also observe differences in intra-day
variation within the week; Saturday and Sunday show higher peaks in the morning and in
the afternoon, whereas activity is slightly higher in the afternoons for the remaining days
of the week. Sunday afternoon differs markedly from the other days of the week, with an

afternoon consumption peak much less marked than for the other days of the week.

During the containment, economic activity is more evenly distributed over the week,
but maintains the same pattern, with a significant drop in activity on Sunday. We also see
that economic activity is more pronounced in the morning during containment, relative to
the pre-containment period; each day of the week has a pattern of activity resembling a

Sunday during the pre-containment period.
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Figure 8: Intra-Week Consumption Fluctuations, January-April 2019-20

5.2 Intra-Day and Intra-Week Consumption Fluctuations: Paris ver-
sus Outside Paris

Consumption patterns vary along the geographical dimension as well. In Figures 9 and 10,
we plot intra-week and intra-day patterns of card payments analogous to those depicted
in Figures 8 and 7, but separating transactions carried out in Paris, the capital, and those
registered elsewhere in France, again for both 2019 and 2020. Note that Figures 9 and 10
display consumption patterns only during the containment period as economic activity be-

fore the containment is very stable across the two years (see Figures 20 and 21 in Appendix
A).

First, we observe in Figures 9a and 9b that economic activity fell significantly more in
Paris than in the rest of France: -75% in Paris versus -50% in the other cities. Second, in
Paris or elsewhere in France, the value of transactions was more evenly distributed over the

days of the week during containment than before the containment period.

15



(a) Paris - During containment (b) Outside Paris - During containment

=
=4
3

w
G
g

w
=4
=

5

20

S

=)

Value of transactions (million €)
Value of transactions (million €)

05

=)

00

=

Monday  Tuesday Wednesday Thursday Friday Saturday  Sunday Monday  Tuesday Wednesday Thursday Friday Saturday  Sunday
Weekday Weekday

Figure 9: Intra-week Consumption Fluctuations, Paris vs. Outside Paris, January-April
2019-20

Regarding the intra-day consumption fluctuations illustrated in Figure 10, we continue
to observe bi-modality. However, we note that the two peaks are shifted to the right in
Paris, meaning that economic activity is shifted in time by approximately one to two hours
in the capital, relative to the rest of France; this finding is also valid before containment (see
Figures 21a and 21b in the Appendix A). Second, while proportionally more transactions

take place at the end of the day in Paris in 2019, this pattern is less pronounced during the

containment in 2020.
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Figure 10: Intra-Day Consumption Fluctuations, Paris vs. Outside Paris, January-April
2019-20
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5.3 Intra-Day and Intra-Week Consumption Fluctuations: Online ver-
sus Off-line

E-commerce is growing quickly and now represents a significant proportion of household
final consumption expenditure in developed countries. In France, as illustrated in Bounie
et al. (2020), the share of online consumer spending in 2019 amounted to 14.2% by volume
(number of transactions) and 21.7% by value, an increase of about 0.8 (volume) and 1.2
(value) percentage points with respect to 2018. But although online purchases have become
an increasingly important share of aggregate consumption, relatively little is known about

the distribution of online purchases on daily and weekly scales.

Figure 11 illustrates and contrasts online and offline intra-week consumption fluctua-
tions in 2019 and 2020 during the containment. First, overall online activity as illustrated
in 11b is proportionally less affected than off-line activity (11a), particularly on Saturdays,
which suggests a strengthening of the substitution effect between sales channels. Second,
we see that online activity decreases in the course of the week, conversely to off-line activ-
ity. Third, online activity in 2019 on Saturday was roughly equivalent to that on Sunday,
while a different pattern is observed during the containment in 2020. Finally, the total value
of online purchases is lower in the afternoon for all days of the week relative to off-line ac-
tivity, but is significantly higher at the end of the day. This pattern is especially marked
on Sunday: online activity is proportionally higher at the end of the day compared with
off-line activity, and is also higher compared with activity on Sunday morning. This pat-
tern clearly illustrates a substitution effect between channels: while most physical stores

are closed on Sunday, consumers use the online channel for purchases.
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Figure 11: Intra-Week Consumption Fluctuations, Online vs. Off-line, January-April 2019-
20

Regarding intra-day consumption fluctuations, Figure 12 shows that the distributions
of online transactions show somewhat less pronounced bi-modality than those off-line, and

are relatively evenly distributed throughout the day.
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Figure 12: Intra-Day Consumption Fluctuations, Online vs. Off-line, January-April 2019-
20

6 Modelling responses to the shock and online/off-line sub-
stitution

We now turn to models with which to estimate the responses of the French economy to
the shock, and the degree of substitution between the online and off-line channels for con-

sumption expenditure. We begin by describing the methods and estimation strategy, and

then present the main estimation results.
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6.1 Methodology

We use a standard difference-in-difference regression methodology to estimate the causal
effect of the COVID-19 crisis. We compare the before- and after- containment changes in
daily expenditure across the relevant periods in 2020 to those in the comparable periods
of 2019. The treatment group corresponds with the year 2020, and the control group cor-
responds with the year 2019; the pre-treatment period is from January 6 through March
12 and the post-treatment period is from March 13 through April 19. The high degree of
stability in value and volume of daily card expenditure across the two years during the
pre-containment dates (as documented below) suggests that the implicit counterfactual es-

timate, of 2020 expenditure in the absence of the crisis, is quite reliable.

First, we build a model similar to those of Agarwal et al. (2007), Aaronson et al. (2012),
Agarwal and Qian (2014) and Agarwal et al. (2019b) to study the average daily expenditure
response to the containment during the COVID-19 crisis. We use the following specifica-
tion:

log(Yd,I) = ﬁpre : 1pre + ﬁpost : 1p0st +Ya+Y+Eay- (1)

The dependent variable log(Y,,) is the logarithm of either total value, total volume, or
average value per card, of transactions carried out during the day d of the yearz. 1,, is a
binary variable indicating one for the days before the French President’s first speech on the
COVID-19 crisis (i.e., from January 27 2020 to March 12 2020), and 1, is a binary vari-
able that equals one for the days after the first announcement of a possible containment (i.e.,
from March 13 2020). Finally, we include fixed effects denoted y,; and ¥ to capture mean
variations in daily and yearly transactions.!> The parameter Bpos: in equation (1) captures
the average 2020 daily containment expenditure response to the COVID-19 pandemic, rel-
ative to the control value. f3,, measures the difference in the spending trend between the
years 2020 (treatment group) and 2019 (control group) during the pre-treatment days (com-
pared to the benchmark period). The validity of inference from the difference-in-difference

model requires that f3,,. be statistically indistinguishable from zero.'6

Next, we modify the first specification to allow for anticipatory behaviour of consumers:

ISWe also include dummy variables for special days such as public holidays and Valentine’s Day.

16Note that the difference-in-difference estimator assumes that in the absence of the treatment, average
daily spending in the two years would have changed in the same way throughout the observed periods. Con-
sequently, any difference observed after the containment announcement period is attributed to the COVID-19
Crisis.
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the actual containment period was announced several days in advance, and correspondingly

we consider the specification:

lOg(Yd,t) = ﬁpre : 1pre + ,Bannounce . 1announce + ﬁcontainment : 1containment +Ya+Y+ 8d,ta (2)

with 14,0unce, @ dummy variable that is equal to 1 for the four days between the Pres-
ident’s two speeches (March 13 2020 to March 16 2020), and especially before the ex-
pected announcement of the population’s confinement, and 1.,,/4inmens @ dummy variable
that is equal to one for the days related to the containment (i.e., from March 17 2020). The
coefficients associated with 1,,n0unce and Leonrainmens in €quation (2) capture therefore the

estimated average daily expenditure response to the COVID-19 crisis.

Finally, in addition to the first two specifications, we want to study the dynamics of
the daily spending response to the COVID-19 crisis. We therefore consider the following
distributed lag model:

log(Yy,) = Y Bi- Laayi+Ya+ Y +€ays 3)

i>January272020
The coefficient Bysqren132020 measures the immediate response in spending after the first
speech of the French President, and coefficients Bysuren1420205 ---» ﬁAprillgz()Q() measure the
additional marginal responses one day through 37 days after the first speech, respectively.
Similarly, coefficients Branuary2720205 s Bumarcn122020 capture the differences in spending
between the years 2019 and 2020 in the pre-treatment days. The results can be interpreted

as an event study, and the coefficients will be presented graphically.

6.2 Estimation results

We now investigate different aspects of the causal impact of COVID-19 on consumer
spending. We begin by estimating the average response of spending to the COVID-19
crisis, then analyze the dynamics of the spending response using a distributed lag model.
We then address the possibility that the impacts may be heterogeneous across sectors, re-
gions, and with respect to the online/offline distinction, which may have implications for

the adjustment of the economy to the shock.
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6.2.1 The average response of card spending to the COVID-19 crisis

Table 2 summarizes the estimation results for models (1) and (2). Panel A gives results
on average responses card expenditures from equation (1), while Panel B represents equa-
tion (2), estimating announcement effects. The dependent variables are: the logarithm of
total daily value of card spending in column (1), the logarith of total daily volume of card
spending in column (2), and the logarithm of value per card transaction in column (3).
Since 1, is a binary variable equal to one for the days preceding the French President’s
first speech on the COVID-19 crisis in France (i.e., from January 27 2020 to March 12
2020), the associated coefficients measure the difference in daily spending in 2020 relative
to the pre-treatment days in 2019 (i.e., January 27 2020 - March 12 2020). Similarly, as
1,05 1s a binary variable equal to one for the days after the first announcement of the con-
tainment (i.e.,> March 13 2020), the coefficients on 1, capture the daily card spending
response in the days following the first speech on the COVID-19 crisis.

Column 1 of Panel A of Table 2 estimates the response of transaction values. Daily
card transaction values decreased on average by 46% in the period following the first con-
tainment announcement. The effect is large and statistically significant at the 1% level. We
also find that the card transaction volumes decreased after the first announcement (-55%
column (2)), while the average value per transaction increased by 19% (column (3)). The
coefficients are also both statistically and unsurprisingly significant. The results indicate
that consumers made fewer transactions and spent less during the containment period, but

on average the transactions that they did make were larger.

In all three columns in Panel A of Table 2, the coefficients estimated on the pre-
treatment period variable (i.e., 1,,) are both economically small and statistically insignif-
icant. These results are consistent with the hypothesis that the common trend assumption

of the difference-in-difference setting is not violated.
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Table 2: Average Daily Spending Response to the COVID-19 Crisis

Log(Total value of Log(Total volume of Log(Value per
transactions) transactions) transaction)
(1) (2) (3)
Panel A
1pre -0.019 -0.017 -0.002
(0.015) (0.013) (0.005)
1post -0.462%*= -0.549%** 0.193***
(0.086) (0.085) (0.017)
Constant 20.579%** 16.864%%* 3.715%**
(0.007) (0.006) (0.002)
Fixed Effects Day, year
R-squared 0.933 0.937 0.945
Panel B
1pre -0.019 -0.017 -0.002
(0.015) (0.013) (0.005)
lannounce 0.05 -0.048 0.103*
(0.156) (0.113) (0.056)
1lcontainment -0.502%** -0.587%%* 0.204*%**
(0.069) (0.06) (0.016)
Constant 20.579%** 16.864%%* 3.715%*=*
(0.007) (0.006) (0.002)
Fixed Effects Day, year
R-squared 0.963 0.974 0.954

Notes: This table reports the average daily card spending response (equations (1)
and (2)) to the COVID-19 crisis from January 6 2020 to April 19 2020. Panel A
and Panel B represent the estimation results of equations (1) and (2) respectively,
in percentages (i.e., exp(3) — 1). The dependent variable is the logarithm of total
daily value of card spending in column (1), the logarithm of total daily volume
of card spending in column (2) or the logarithm of value per card transaction in
column (3). 1, is a binary variable equal to one for the days before the first
french President’s speech on the COVID-19 crisis in France (i.e., from January 27
2020 to March 12 2020). 1,, is a binary variable equal to one for the days after
the first announcement of the containment (i.e.,> March 13 2020). 1un0unce 1S @
binary variable equal to one for the four days during the announcement window
(i.e., from March 13 2020 to March 16 2020). 1.,nainmen: 1S @ binary variable
equal to one for the days during the containment (i.e., > March 17 2020). All
regressions include day and year fixed effects. Robust standard errors clustered
at the day of the year level are reported in parentheses. *** ** * indicate
significance at the 1%, 5% and 10% levels, respectively.

Panel B of Table 2 addresses announcement effects, based on the equation (2) regres-
sion. President Macron made his first speech concerning the pandemic on March 12 2020,
and the second on March 16 2020 to announce the containment the next day; we investigate

both the first and second announcement effects on consumer spending behaviour. Again,
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1.nnounce 18 @ dummy variable indicating the four days during the announcement window
(i.e., from March 13 2020 through March 16 2020), and 1.otinmens 1S @ dummy variable

indicating the days during the containment (i.e., from March 17 2020 onward).

Again, the pre-announcement dummies are insignificant, compatible with the condition
required for validity of the difference-in-difference analysis. There are strongly significant
declines in both value and volume (50% and 59% respectively) during the containment
window, and a strongly significant increase in average transaction volume (20%), consistent
with fewer shopping trips but a greater value of purchases in each. Announcement effects
are generally not statistically significant, although there is a borderline-significant effect of

increase in average transaction value, of about 10%.

6.2.2 The dynamic response of card spending to the COVID-19 crisis

We now turn to the daily dynamic evolution of the card expenditure response, before and
during the containment period. Figures 14a to 14c plot the coefficients exp(f;) — 1 from
equation (3), representing the estimated daily spending response dynamics, for i = January
27 2020 through April 19 2020, along with their corresponding 95 percent confidence
intervals. The x-axis denotes the day, and the y-axis shows the coefficient, representing
percentage estimated expenditure response for the given day. Again, March 13 2020 was
the first day following the initial announcement, and March 17 2020 was the first day of

containment.

The last day before the containment period, that is March 16, shows clear spikes in
transaction values, volumes, and values per transaction; total transaction value increased
by close to 40%, followed by a dramatic drop in the first days of containment, approxi-
mately stabilizing thereafter: as containment officially began on March 17 2020 at noon,
there was a decrease in card transaction value of about 30%, followed by a further decrease
of about 60% on March 18.!7 The results are similar for total card transaction volumes,
while average value per transaction significantly increased in the days after the first an-

nouncement window.

17Sunday, March 15 2020 was a day of warm and sunny weather in much of France, and official directives
to minimize non-essential contacts were not universally respected. The President spoke again on the evening
of March 16 2020 on the seriousness of the situation and the necessity of an official containment.

23



(a) Value (b) Volume

—— Impact
95% Cl

%

H
y T T T T T T T T T T T T T T T T T T T T T T T
jan 27 feb 3 geb 10geb 1Tgen 24 yiar 2 yar @ yrar 16par 23par 30 ppr © ppr13 27 geb 3 peb W0¢eb Vgen 28 war 2 wiar @ ar 16qar 23par 30 ApT @ ppr13

Day (Mar 12 for announcement and Mar 17 for early containment) Day (Mar 12 for announcement and Mar 17 for early containment)

(c) Value per transaction

—— Impact '
95% CI L

1an 27 £eb 3 geb 10peb Lged 24 par 2 war @ yar Yoyar 23yar 30 ppr & por 13
Day (Mar 12 for announcement and Mar 17 for early containment)

Figure 13: Estimated Daily Spending Response Dynamics

Notes: This figure plots the coefficients exp(f3;) — 1 estimated from equation
(3), with i = January 27 2020, January 28 2020,..., April 19 2020, along with
their corresponding 95 percent confidence intervals. The x-axis denotes the day
and the y-axis shows the estimated daily percentage spending response.

Figure 14 plots the coefficients in weekly aggregates of the data.'® We now see a more
regular pattern of decline in both value and volume of transactions, and of increase in the

value per transaction.

8Note that x-axis values are for the week following: for instance, the x-axis value January 27 2020 cor-
responds with the week of January 27, 2020 to February 2, 2020, and February 3 2020 with the week of
February 3 2020 to February 9 2020.
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Figure 14: Estimated Weekly Spending Response Dynamics

Notes: This figure plots the coefficients exp(f3;) — 1 estimated from equation
(3), with i = January 27 2020, February 3 2020,..., April 13 2020, along with
their corresponding 95 percent confidence intervals. The x-axis denotes the
date at weekly intervals and the y-axis shows the weekly percentage spending

response.

Overall, the results in Figures 13 and 14 suggest that consumers responded strongly
to the containment restrictions, first with some anticipatory purchases in advance of the
restrictions, followed by steep declines in the number of transactions, and an increase in

the average size of each transaction as consumers economized on trips to physical stores.

6.2.3 Off-line vs online: the dynamic response to the COVID-19 crisis

The aggregate expenditure results described in the previous section may obscure important
differences between traditional point-of-sale expenditures and online expenditures, which
may have interesting implications. In this section we examine this off-line/online contrast,

both at the aggregate and sectoral levels. We begin with a decomposition of the analysis of

the previous section into off-line and online components.
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We would expect online activity to be much less affected by the restrictions on physical

movement of consumers, and Figure 15 confirms this intuition.
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Figure 15: Estimated daily and weekly response of off-line and online consumption spend-
ing

Notes: This figure plots the coefficients exp(f;) — 1 estimated from equation (3), with i = January
27 2020, January 28 2020,..., April 19 2020. The x-axis denotes the day or week, and the y-axis
shows the estimated percentage daily or weekly spending response.

The patterns are broadly similar in comparing off-line and online expenditures, with two
noteworthy exceptions. First, the spike in off-line expenditures in the last pre-containment
day does not appear in online expenditures (comparing the top two panels); since online
purchases were not to be restricted, there was no reason for consumers to ‘stock up’ in the
days before containment. It may also be that a large proportion of goods purchased online
can be considered as non-essential for everyday life and do not require immediate supply, or
do not suffer from shortages or stock-outs, such as streaming services. In fact, we observe a

small dip in online expenditures before the containment announcement, possibly reflecting
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reduced travel bookings.

The second important difference requires comparing the vertical scales in the figures
left to right: the declines in off-line expenditure, initially approximately -60%, are approx-
imately twice as great as the declines in online expenditure, initially approximately -30%.
Table 3 provides the regression results and precise numerical values corresponding to the
intuitions available from the figures above. However, while off-line expenditures showed
little recovery in the first weeks of the containment, online expenditures grew rapidly in
the first two weeks of April, to the point where the value transacted almost returned to its

pre-pandemic level.
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Table 3: Average Daily Off-line and Online Spending Response to the COVID-19 Crisis

Log(Total value of Log|Total volume of

transactions)

transactions)

Log(Value per

transaction)

(1) (2) (3
Panel A: Off-line
1pre -0.015 -0.018 0.003
(0.016) (0.014) (0.005)
lannounce 0.107 -0.041 0.154*
(0.182) (0.122) (0.077)
1containment -0.58%** -0.627%%* 0.127%=*
(0.104) (0.075) (0.035)
Constant 20.292%*= 16.73%** 3.562%**
(0.007) (0.006) (0.002)
Fixed Effects Day, year
R-squared 0.949 0.968 0.885
Panel B: Online
1pre -0.036* -0.017 -0.02*
(0.02) (0.021) (0.011)
lannounce -0.191*%** -0.125%* -0.076%**
(0.058) (0.054) (0.016)
1containment -0.214%**= -0.238%*%* 0.032
(0.054) (0.037) (0.021)
Constant 19.189%** 14.791%** 4.398%%*
(0.008) (0.008) (0.002)
Fixed Effects Day, year
R-squared 0.931 0.945 0.892

Notes: This table reports average daily card spending response to the COVID-19
crisis from January 6 2020 to April 19 2020. Panel A and Panel B represent the
estimation results of equation (2) in percentages (i.e., exp(f) — 1) using off-line
and online transactions, respectively. The dependent variable is the logarithm of
total daily transaction value in column (1), the logarithm of total daily volume
in column (2) or the logarithm of value per card transaction in column (3). 1,
is a binary variable equal to one for the days before the first speech (i.e., from
January 27 2020 to March 12 2020). 1,.n0unce 1S @ binary variable equal to one
for the four days during the announcement window (i.e., from March 13 2020 to
March 16 2020). 1 onainmen: 1S @ binary variable equal to one for the days during
the containment (i.e., > March 17 2020). All regressions include day and year
fixed effects. Robust standard errors clustered at the day of the year level are
reported in parentheses. ***, ** * indicate significance at the 1%, 5% and 10%
levels, respectively.

It may at first seem surprising that the value of online commerce declined at all. How-
ever, online commerce comprises numerous different categories, some of which, such as
travel expenditures, were also curtailed by the containment; others such as informational

content can be purchased and consumed online (e.g. digital books, music, newspapers) and
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so might be unaffected or even increased. In order to investigate the possibility that on-
line commerce may have increased in some areas in order to compensate for the difficulty
of visiting physical stores, we therefore need to do a sectoral analysis. The next section

provides this.

6.2.4 Sectoral disaggregation

If online and off-line consumer transactions are able to substitute for each other, so that
each provides some backup in the event of disruption to the other channel (for example,
disruption by power outage for online shopping, or a period of containment which disrupts
shopping in physical stores), then we would expect to see instances in which transactions
of one type substitute for the other during disruption. In this section, we look for evidence

of this.

The impact of the containment differed across types of business. On March 15, the
French Prime Minister declared the closure of many establishments open to the public:
only ‘essential businesses’ such as for instance food stores, pharmacies, banks, tobacco
stores, gas stations, and all essential public services were allowed to remain open. Non-
essential businesses such as restaurants, clothing stores, bars, hotels, and travel agencies

among others were instructed to close down.!”

Figure 16 illustrates the daily impacts on thirteen types of businesses considered as
essentials.?? The broad qualitative patterns are similar for these essential activities; a sub-
stantial upward spike preceding the date of containment, followed by a decline in the value

of transactions and an increase in variability. Funeral services are of course an exception.

19We use the Nomenclature des Activités Frangaises (NAF) provided by the National Institute of Statistics
(INSEE) to classify the business sectors. The sectors and their codes are detailed in Appendix B.

20 A more regular pattern for off-line and online transactions, at the weekly level, is presented in Figure 24
in Appendix C.
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Figure 16: Estimated daily expenditure in some essential businesses

Notes: This figure plots the coefficients exp(f;) — 1 estimated from equation (3), i = January 27
2020, January 28 2020,..., April 19 2020. The x-axis denotes the day and the y-axis shows the
estimated percentage daily spending response.
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Figure 18 provides contrasting information concerning nonessential sectors.?! Most
sectors tend to show a sharp and sustained decline, amounting to virtually complete closure

of the sector in several cases.

21 A similar dynamic response function at the weekly level for off-line and online transactions is presented
in Figure 26 in Appendix C.
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Figure 17: Estimated daily expenditure in some non-essential businesses

Notes: This figure plots the coefficients exp(f;) — 1 estimated from equation (3), i = January 27
2020, January 28 2020,..., April 19 2020. The x-axis denotes the day and the y-axis shows the
estimated percentage daily spending response.
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Figure 18: Estimated daily consumption of some non-essential businesses (continued)

Notes: This figure plots the coefficients exp(f;) — 1 estimated from equation (3), i = January 27
2020, January 28 2020,..., April 19 2020. The x-axis denotes the day and the y-axis shows the
estimated percentage daily spending response.

Tables 4 and 5 allow us to examine the online/off-line contrast by sector. Entries in Ta-
ble 4 are (transformed) coefficients on the post-containment indicator variable from equa-

tion (1), for a variety of expenditure classifications deemed essential or nonessential.
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Table 4: Average Expenditure Response to the containment, by sector

Value of transactions Volume of transactions

All Off-line Online All
(1) (2) (3) (4)

Off-line Online
(5) (6)

Panel A: Essential activity

Grocery stores 0.347*** (0.339%** 1.427%** -0.007
Food stores 0.214**  0.203* 1.323*** -0.07
Sale via stalls and markets of food -0.109 -0.126 2.004*** -0.294***
Minimarkets 0.318*** (.314*** 5.445%** -0.162***
Supermarkets 0.0 -0.027 3.077*** -0.313**x*
Hypermarkets -0.133 -0.189 1.059*** -0.446***
Bakeries -0.326%** -0.332*** (.824*** -0.205%**
Pharmacies -0.13 -0.158 0.701*** -0.161
Medical goods -0.326**  -0.602*** (0.919*** -0.187
Health -0.778*** -0.795*** -0.131** -0.705***
Gas stations -0.722%** -0.723*** 1.007*** -0.691***
Tobacco stores 0.122 0.122 0.585%** -0.164**
Funeral and related activities -0.423*** -0.486*** 0.969** -0.755***

Panel B: Non-essential activity

Restaurants -0.824*** -0.825*** -0.687*** -0.858***
Beverage stores -0.603*** -0.659*** (.787*** -0.71***
Beauty care -0.872*** _0.987*** (0.22** -0.909%***
Personal care -0.986*** -0.996*** -0.529*** -0.991***
Clothing -0.949*** _0.998*** (0.247* -0.942%**
Footwear stores -0.935*** -0.997*** -0.041 -0.951***
Textile stores -0.932*** -0.991*** 0.031 -0.948***
IT equipment -0.77***  -0.932*** (.774%** -0.804***
Appliance -0.936*** -0.99*%** (0.669*** -0.942%**
Automotive -0.789*** -0.862*** -0.378*** -0.781%**
Jewellery stores -0.942*** -0.994*** 0.031 -0.966***
Department stores -0.814*** -0.832*** -0.257*** -0.842***
Flower stores -0.682%** -0.726*** (0.738*** -0.753%*x*
Leisure -0.954*** _0.997*** (. 877*** -0.987***
Bookshops -0.295%** -0.306*** (0.559*** -0.48%**
Toy stores -0.86***  -0.995*** 1.142%** -0.929***
Sporting equipment -0.916*** -0.985*** (.05 -0.96%**
Second-hand goods -0.825*** -0.929*** 0.105 -0.884***
Household articles -0.881%** -0.978*** -0.26** -0.933%*x*
Construction activities -0.594%** .0.744*** -0.015 -0.618***
Hardware/paints/glass stores -0.786*** -0.913*** (.833*** -0.833***
Hotels -0.945%** _0.951*** _0.931*** -0.932%*x*
Transports -0.914*** -0.962*** -0.895*** -0.943***
Travel agencies -0.903*** -0.995*** -0.875*** -0.902***
Optical shops -0.903*** -0.969*** (0.187*** -0.884***

-0.009 1.475***
-0.075 0.963***
_0.3*** 1.4***

-0.163*** 5.116***
-0.322%%* 2.368%**
-0.474*** 0.807***
-0.207*** 1.318***
-0.171 0.727%**
-0.426*** 1.228***
-0.719*** -0.282***
-0.691%** (.58%**

-0.164**  0.455%**
-0.794%** (0.679%***

-0.859%** -0.749***
-0.727*** 1.005%***
-0.985%** (.33%**
-0.996%** -0.43%**
-0.998*** (0.264***
-0.996*** 0.009
-0.991*** 0.088
-0.931%** (.832%**
-0.986*** (.71***
-0.827*** -0.287***
-0.994*** (0.348***
-0.849*** -0.469***
-0.779%** (0.732%**
-0.998*** -0.93***
-0.486*** 0.392***
-0.998%** 1.022%**
-0.99***  0.039
-0.919*** 0.085
-0.973*** -0.193**
-0.722*** 0.067
-0.909*** 1.892***
-0.932%*** -0.939***
-0.958*** -0.924***
-0.977*** -0.884***
-0.971*** (0.351***

Notes: This table reports the share of online expenditure before and during

containment average

daily card spending response (equation (1)) to the COVID-19 crisis from January 6 2020 to April 19
2020, by sector. Panel A and Panel B represent the estimation results (i.e., 1,,y) in percentages (i.e.,
exp(B) — 1) for each essential and non-essential activities, respectively (1,,s). The dependent variable
is the logarithm of total daily value of card spending3i columns (1)-(3) or the logarithm of total daily
volume of card spending in columns (4)-(6). 1,,y is a binary variable equal to one for the days after
the first announcement of the containment (i.e.,> March 13 2020). All regressions include day and
year fixed effects, and standard errors are clustered at the day of the year level. *** ** * indicate

significance at the 1%, 5% and 10% levels, respectively.



These results on the values of 1,5 provide a number of interesting insights into online/
off-line substitution and the contribution of the two payment channels toward reducing the

impact of the shock.

Consider first the relatively straightforward case of non-essential businesses, Panel B of
Table 4. All sectors show steep declines in the value and volume of off-line transactions, in
several cases virtually to the point of complete elimination of off-line sales (corresponding
to a coefficient 1,5 of -1, or 100% reduction in activity). In some cases the same is true
for online sales — hotels, travel agencies for example — because the activity in general has
largely been closed down. In other cases however, online activity is much less reduced
or increased, as in the case of IT equipment. This case is especially noteworthy since the
purchase of IT equipment is one mechanism by which consumers are able to minimize the

impacts of containment, for example by the use of tele-conferencing software.

For essential activities, Panel A, the impacts on off-line activity are generally smaller,
and insignificantly different from zero in a number of cases. The estimated value of 1,
for online expenditures is positive in all but one case. There are several cases for which off-
line transacted value declines while online value increases. For the volume of transactions,
the results are yet clearer and quite stark: the point estimate of 1,y for volume of trans-
actions conducted off-line decreases in every case, while the volume of online transactions

increases in all cases but one.??

These results should be interpreted in the light of the online percentage share informa-
tion contained in Table 5. Panel A again describes essential services. Here, the percentage
of purchases made online was generally quite small before the containment period. Even
during that period, given that most essential goods remained available in stores, the overall
percentage of expenditure made online tended to remain small, despite the fact noted above
that there were a number of large proportionate increases. Exceptions to this general ten-
dency include medical goods, for which online expenditures accounted for approximately

32% during containment, and funeral services, which reached 15%.

22Online sales at gas stations are a very small proportion of their total sales, possibly representing pre-paid
cards.
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Table 5: Online expenditure share(%), by sector

Before containment During containment
2019 2020 Diff. 2019 2020 Diff.
(1) (2) 3) (4) (5) (6)

Panel A: Essential activity
Grocery stores 0.64 0.68 0.04 0.59 1.11 0.52
Food stores 0.99 1.22 0.23 0.88 1.86 0.98
Sale via stalls and markets of food 0.53 042 -0.11 0.5 1.77 1.27
Minimarkets 0.09 0.09 0 0.07 0.36 0.29
Supermarkets 0.61 0.72 0.11 0.58 2.43 1.85
Hypermarkets 29 2.99 0.09 2.81 5.94 3.13
Bakeries 0.38 034 -0.04 0.39 14 1.01
Pharmacies 0.81 0.8 -0.01 0.82 1.39 0.57
Medical goods 8.02 8.86 0.84 7.93 3233 244
Health 1.15 121 0.06 1.06 5.31 4.25
Gas stations 0.06 0.08 0.02 0.06 0.47 0.41
Tobacco stores 0.06 0.03 -0.03 0.06 0.04 -0.02
Funeral and related activities 2.92 4.1 1.18 2,54 15.15 12.61
Panel B: Non-essential activity
Restaurants 0.61 0.65 0.04 0.57 1.11 0.54
Beverage stores 2.88 2.83 -0.05 2.6 12.8 10.2
Beauty care 6.53 7.37 0.84 6.35 88.63 82.28
Personal care 1.29 1.35 0.06 1.09 67.96 66.87
Clothing 3.69 3.88 0.19 2.58 9582 93.24
Footwear stores 5.43 6.17 0.74 396 96.39 9243
Textile stores 4.23 4.42 0.19 3.81 81.82 78.01
IT equipment 7.53 7.4 -0.13 6.39 62.74 56.35
Appliance 2.15 2.34 0.19 2.06 78.85 76.79
Automotive 8.81 9.04 0.23 891 27.89 18.98
Jewellery stores 4.2 3.73 -0.47 3.61 86.58 82.97
Department stores 1.98 2.23 0.25 1.94 9.28 7.34
Flower stores 2.6 2.32 -0.28 1.89 6.59 4.7
Leisure 32.77 33.83 1.06 326 95.17 62.57
Bookshops 1.22 1.2 -0.02 1.09 2.58 1.49
Toy stores 4.01 5.55 1.54 3.26  96.07 92.81
Sporting equipment 4.85 468 -0.17 459 7569 71.1
Second-hand goods 7.02 7.53 0.51 7.36 49.24 41.88
Household articles 10.25 10.2 -0.05 10.46 79.03 68.57
Construction activities 18.37 20.5 2.13 16.14 4536 29.22
Hardware/paints/glass stores 3.17 4.03 0.86 3.38 41.05 37.67
Hotels 30.71 2991 -0.80 26.54 3365 7.11
Transports 60.86 62.55 1.69 66.82 86.13 19.31
Travel agencies 74.08 74.67 0.59 73.31 98.02 24.71
Optical shops 2.46 2.68 0.22 232 46.59 44.27

Notes: This table reports the online percentage share of total expenditure, before and
during containment, by sector. Panels A and B represent the shares for essential and
non-essential activities, respectively.
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For the non-essential goods and services recorded in Table 5 Panel B, we see high vari-
ability across sectors and in the extent of the containment effect. Pre-containment online
expenditure shares were relatively high for leisure, hotel, transportation and other travel
services. More striking, however, is the jump in the online share of expenditures for a
number of categories in which the online share was modest before containment; beauty
products and personal care, clothing and footwear, textiles, appliances, jewelry and toys
are examples (Panel B, columns 5,6). These are cases for which purchases in physical
stores dropped dramatically during the containment period, so that the existence of the on-
line option was largely responsible for maintaining consumer access to these products; the
share of expenditures made online exceeded 50% in 14 of the 25 categories during contain-
ment. Overall, there is clear evidence that consumers reduced the impact of restrictions on

their ability to visit physical stores through the substitution of online purchases.

Redundancy increases the resiliency of systems. The availability of two alternative
channels for personal consumption expenditure has allowed consumers to reduce the im-
pact of shocks: in this case a shock leading to physical containment which was mitigated
through the availability of online commerce (whereas in the case of a power outage or in-
ternet failure, it would be the availability of physical stores that would allow consumers to
mitigate the impact). We also see that consumers adapted quickly to minimize impact of

the containment measures, shifting expenditures almost immediately in response.

6.2.5 Paris vs Outside Paris

A further interesting disaggregation of the results is geographical: the contrast between
Paris and the rest of France. In this section, we estimate the daily response of consumption
in Paris and outside Paris before and after the March 13 speech using equation 3. In this
first speech, the population was invited to limit their movements on public transport, which
is widely used in large cities such as Paris, less so of course in smaller centres or rural

areas. Companies were also called upon to intensify tele-working.

Figure 19 exhibits a contrast in responses between Paris and other areas of France. First,
while we observe a 20 percent increase in consumption on March 13 in the rest of France
(Figure 19b), we do not observe any significant increase in consumption in Paris (Figure
19a). Second, the increase in consumption in the run-up to the President’s second speech

on March 16 is also on a smaller scale: while it amounts to almost 60 percent outside
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Paris, it is 20 percent in Paris. As well, the decline in the value of transactions during the

containment is substantially greater in Paris than elsewhere.

(a) Paris

(b) Outside Paris

—— Value of transactions
—-= Valume of transactions
—=—=- Value per transaction

—— Value of transactions
=—:= Volume of transactions
——- Value per transaction
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Figure 19: Estimated daily and weekly response of consumption spending in Paris and
outside Paris

Notes: This figure plots the coefficients exp(f;) — 1 estimated from equation (3), with i = January 27 2020,
January 28 2020,..., April 19 2020. The x-axis denotes the day or week, and the y-axis shows the estimated
percentage expenditure response.

Tables 6 again provides the precise regression results corresponding with the figures

above, indicating a significantly greater response in Paris than elsewhere. The results sug-

gest the possibility that population density may be a factor in consumer response to con-

tainment and mobility restrictions, although the unique position of Paris within France may

also play a role.
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Table 6: Paris vs Outside Paris: Average Daily Spending Response to the COVID-19 crisis

Log(Total value of Log|Total volume of Log(Value per

transactions) transactions) transaction)
(1) (2) (3)
Panel A: Paris
lpre 0.016 0.018 -0.002
(0.035) (0.028) (0.012)
lannounce -0.142 -0.213* 0.09
(0.16) (0.142) (0.077)
leontainment -0.762%** -0.764%%= 0.01
(0.064) (0.052) (0.021)
Constant 17.644%*%= 14.227%** 3.417%**
(0.015) (0.013) (0.004)
Fixed Effects Day, year
R-squared 0.987 0.99 0.919

Panel B: Outside Paris

1pre -0.018 -0.021 0.003
(0.016) (0.013) (0.005)

lannounce 0.125 -0.026 0.155%
(0.184) (0.123) (0.076)

1containment -0.568%** -0.616%** 0.125%**
(0.106) (0.077) (0.035)

Constant 20.218%*= 16.644%** 3.574%%*
(0.007) (0.006) (0.002)

Fixed Effects Day, year

R-squared 0.947 0.965 0.885

Notes: This table reports average daily card spending response to the COVID-19
crisis from January 6 2020 to April 19 2020. Panel A and Panel B represent
the estimation results of equation (1) in percentages (i.e., exp(f) — 1) for Paris
and Outside Paris , respectively. The dependent variable is the logarithm of total
daily value of card spending in column (1), the logarithm of total daily volume
of card spending in column (2) or the logarithm of value per card transaction in
column (3). 1, is a binary variable equal to one for the days before the first
french President’s speech on the COVID-19 crisis in France (i.e., from January
27 2020 to March 12 2020). 1gum0unce 18 @ binary variable equal to one for the
four days during the announcement window (i.e., from March 13 2020 to March
16 2020). 1conrainment 1S @ binary variable equal to one for the days during the
containment (i.e., > March 17 2020). All regressions include day and year fixed
effects. Robust standard errors clustered at the day of the year level are reported
in parentheses. *** **_ * indicate significance at the 1%, 5% and 10% levels,
respectively.
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7 Conclusion

Understanding the response of the economy to major shocks is important not only for mak-
ing policy during the time of the shock, but also for managing institutions in the economy
to reduce vulnerability (increase resiliency) to shocks. However, our ability to learn about
responses to shocks has been limited by the frequency and geographical resolution of eco-

nomic data available from official sources.??

Recent circumstances offer the possibility of obtaining some relatively detailed knowl-
edge concerning response to an extreme event. The COVID-19 pandemic is one of the
greatest shocks to have arisen in many years, and the individual transaction data available
through Cartes Bancaires CB offers the opportunity to study its effects at an exceptional
level of detail. These data are not only available at an extremely fine time scale, but also
contain locational information allowing us to study local effects and individual movements.
Equally important, the data set contains information concerning the classification of good
or service purchased, and whether the purchase was made online or off-line. This informa-

tion, recorded for billions of transactions, allows us to draw a number of conclusions.

We are able to measure not only the extent of the decline in personal consumption
expenditures, but also the decline in individual mobility, and changes in the pattern of
consumption expenditures throughout the day, throughout the week, and in the division
between online and off-line expenditures. Moreover, by focusing on sectors of the econ-
omy for which online purchase and delivery is possible, we are also able to investigate
substitution between two alternative shopping channels (online and offline), and therefore
the contribution of these alternatives to increasing the resilience of the economy to such
shocks. We find clear evidence in some sectors that the impact of the shock was reduced
by the possibility of substitution toward the online shopping channel. Of course, for other
types of shock, such as a large-scale power outage, it would be by contrast the availability
of traditional point-of-sale purchases which would provide resiliency, in that case poten-

tially substituting for consumers’ inability to access the online channel.

The detailed study of the response of the economy to extreme events is in its infancy,

2For example, Galbraith and Tkacz (2013) studied the response of consumer expenditure in Canada to
a number of events including the SARS epidemic and the major electrical blackout, both in 2003; although
some daily debit card data were available for that study, it was limited by the fact that these data were
nationally aggregated, whereas the effect of shocks was localized.
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but the present study points not only to a number of potentially interesting conclusions, but
to many interesting directions for future research. In particular, in a subsequent study we
will examine the emergence of the economy from the period of disruption, and the dynamic

path of consumption recovery by sector.
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Appendices

A Consumption patterns: pre-containment period

These figures document the year-over-year stability of consumption patterns along the

Paris/outside Paris and off-line/online dimensions during the pre-containment dates, and

are analogous to Figures 9, 10, 11 and 12 displayed in Section 5 concerning the contain-

ment dates.
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B List of sectors

Table 7 reports the sectors and their corresponding codes available in the Nomenclature
des Activités Francaises (NAF), provided by the National Institute of Statistics (INSEE)
for classification of business sectors. Table 5 reports the share of online spending before

and during containment, by sector.
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Table 7: List of sectors

Sector label NAF Codes
Essential activities
Retail sale in non-specialised stores:

General food retail stores (grocery stores) 4711B

Supermarkets 4711D

Mini-markets 4711C

Supermarkets 4711D

Hypermarkets 4711F
Retail sale of food in specialized stores (food stores):

Fruits and vegetables 47217

Meat 47227

Fish 47237
Retail sale via stalls and markets of food 47817
Bakeries (incl. pastry stores) 1071X and 47247
Pharmacies 47737
Medical and orthopaedic goods 47747
Health:

Hospital activities 861XX

Medical and dental activities 862XX
Gasoline stations (fuel) 4730X
Tobacco stores (only tobacco products) 47267
Funeral and related activities 9603Z

| Non-essential activities

Restaurants (and event catering) 561XX and 563XX
Beverage stores (alcoholic and non alcoholic drinks) 47257
Personal care (hairdressing and physical well-being) 9602X and 96047
Beauty care (including cosmetic and toilet articles) 47757
Clothing 47717
Footwear stores (and leather goods) 47727
Textile stores 47517
IT equipment 474XX
Appliance 47547
Automotive (including maintenance and accessories) 451XX, 452XX and 453XX
Jewellery stores (including watches) 47777
Department stores 4719X
Flower stores (including plants, seeds, pet food) 4776Z
Leisure (arts, entertainment, recreation and cinema) 90XXX, 91 XXX, 93XXX and 59147
Bookshops (including newspapers and stationery) 47617 and 47627
Toy stores 47657
Sporting equipment 47647
Second-hand goods 47792
Household articles (furniture, lighting equipment) 4759X
Construction activities (electrical, plumbing, heat) 432XX, 433XX and 439XX
Hardware, paints and glass stores 4752X
Transports (interurban, taxi and air) 491XX, 491XX and 511XX
Hotels (and similar accommodation) 551XX and 552XX
Travel agencies T9XXX
Optical shops 4778A
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C Sectoral expenditure responses

The following figures document the weekly online and off-line spending response dynam-

ics at the sectoral level, analogous to the aggregate results of Figure 14.
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Figure 24: Weekly sectoral expenditure response dynamics: essential businesses

Notes: This figure plots the coefficients exp(f;) — 1 estimated from equation (3), i = January 27
2020, February 3 2020.,..., April 13 2020. The x-axis denotes the week and the y-axis shows the

estimated percentage weekly spending response.
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2020, February 3 2020.,..., April 13 2020. The x-axis denotes the week and the y-axis shows the
estimated percentage weekly spending response.
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