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In early 2020, the COVID‑19 pandemic 
and the restrictive health measures caused 

an economic shock of a magnitude not seen 
since the Great Recession (Bartik et al., 2020; 
Forsythe et al., 2020), affecting the supply and 
demand of goods and services (Baldwin & 
Di Mauro, 2020). In France, these measures, 
consisting of several periods of lockdowns 
and reopening and of a range of evolving mea‑
sures such as curfews and travel restrictions, 
caused a sharp downturn in economic activity. 
Between 2019 and 2020, French gross domes‑
tic product (GDP) fell by 7.9% and national 
income by 6.3% (Amoureux et al., 2021). In 
April 2020, the decline in added value exceeded 
30%, placing France among the worst affected 
countries in the eurozone (Heyer & Timbeau, 
2020). For all of 2020, the added value of 
French companies decreased by 8.1% and by 
8.3% for non‑financial corporations (NFCs).

Beyond these trends at the macroeconomic level, 
our aim in this paper is to evaluate the impact 
of the health crises on companies’ activity more 
precisely. This means estimating the difference 
between the levels of activity observed during 
the crisis and the levels that would have been 
observed had the crisis not occurred. This “coun‑
terfactual” approach is the basis of traditional 
microeconometrics for assessing public policy.1  
With the COVID‑19 pandemic, estimating these 
counterfactual levels raises new methodological 
problems. The pandemic affected all companies, 
making estimations based on the use of control 
groups obsolete. Moreover, even if the pandemic 
affected all French companies, its consequences 
may have been extremely uneven and depended 
on a multitude of complex factors, which may 
have different effects or be unobservable. As a 
result, modelling the companies’ activity during 
this period proved to be either  challenging 
or overly simplistic. Many studies therefore 
estimated the impact of the crisis by using 
the observed rates of change in their activity 
between 2019 and 2020 (Hadjibeyli et al., 
2021; Bourlès & Nicolas, 2021), skewing the 
estimation of the magnitude of the activity 
shocks. Other more structural approaches 
forecast different scenarios of the evolution 
of the pandemic and the health restrictions to 
estimate the magnitude of the economic shock 
(Schivardi & Guido, 2020; Gourinchas et al., 
2021; OECD, 2020).2 These studies rely on 
significant theoretical assumptions whose rele‑
vance suffer from a lack of ex post verification, 
in an unprecedented context where such assump‑
tions may not apply. In addition, studies using 
U.S. data show that self‑isolation behaviour did 

not always follow the same schedule as health 
restrictions (Glaeser et al., 2021; Gupta et al., 
2021; Sears et al., 2020) and that the decisions to 
reopen businesses did not always coincide with 
the lifting of restrictions (Balla‑Elliott et al., 
2020), limiting the relevance of using the restric‑
tion timetable when modelling activity. Another 
avenue  explored was the use of survey data 
(Bloom et al., 2021; Bignon & Garnier, 2020), 
which may however, be subject to low coverage 
rates or risks of reporting bias.

This paper aims to overcome these limitations 
by proposing an innovative method for assessing 
the impact of the COVID‑19 pandemic based 
on a limited set of assumptions. This analysis 
relies on an a‑theoretical positioning in order 
to model the activity of all French companies if 
their activity dynamics had not been altered by 
the onset of the crisis. Individual monthly acti‑
vity dynamics after February 2020 is predicted 
using autoregressive mechanisms before being 
compared to the observed ex post amounts, their 
difference providing an individual estimation 
of the impact of the pandemic on activity. The 
predictions are performed at the company level 
and are not based on a uniform application of 
sectoral impacts. In this respect, this work differs 
from those applying shocks estimated entirely or 
partially at the sectoral level to individual data, 
artificially limiting their heterogeneity (Anayi 
et al., 2020; Blanco et al., 2020; Hadjibeyli 
et al., 2021).

The sectoral dimension was indeed important 
in the crisis, as not all sectors were affected at 
the same intensity (Danieli & Olmstead‑Rumsey, 
2020; Brinca et al., 2020). In France, differences 
were observed according to the sectoral intensity 
of restriction measures (Baleyte et al., 2021; 
Dauvin & Sampognaro, 2021),3 4 the dependence 
of certain sectors on tourism (Škare et al., 2021) 
and on international value chains (Gerschel 
et al., 2020; Baldwin & Tomiura, 2020). 
Similarly, the unprecedented deterioration in 
expectations as a result of the crisis (INSEE, 
2020) may have contributed to an increase in 
households’ precautionary savings and a refo‑
cusing of their consumption on basic necessities 

1. See, for example, Angrist & Pischke (2008).
2. Most of these studies used their activity loss estimations in financial 
models to assess companies’ liquidity or default risk.
3. At the international level, the direct impact of restriction intensity on acti‑
vity is illustrated by the strong correlation between the Oxford University 
restriction index, synthesising the real time degree of restriction associated 
with national health measures (Hale et al. 2020), and the rate of growth or 
decline in GDP in the first quarter of 2020.
4. Industrial sectors, construction, transportation, accommodation and 
“other services” – primarily arts, entertainment and recreational acti‑
vities, hair and body care services, computer repair, and other personal 
goods – were particularly affected by these measures.
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(Bonnet et al., 2021). However, the sector does 
not seem to fully explain the diversity of situa‑
tions experienced by companies, since even 
within a given sector, the degree of dependence 
on foreign markets (Brancati & Brancati, 2020) 
and the effects of social distancing measures 
(Blanchard et al., 2020) had differentiated 
effects, sometimes leading to a reallocation of 
activity and employment between “winning” 
and “losing” companies (Barrero et al., 2020; 
2021). The method developed here therefore 
aims to measure the heterogeneity of individual 
activity shocks, possibly within the same sector, 
and consequently to propose a quantification of 
the sector’s contribution to the variability of 
individual situations observed in 2020.

The use of sub‑annual data makes it possible to 
assess the impact of the crisis both annually and 
monthly. The use of monthly series of activity 
shocks allows the cross‑sectional analysis of 
heterogeneity to be supplemented by a dynamic 
analysis of the diversity of activity trajectories 
over the course of the pandemic. The short term 
effect of the pandemic on employment (Barrero 
et al., 2020), company closures (Gourinchas et al., 
2020) and activity (Fairlie, 2020; Bloom et al., 
2021) has been regularly highlighted, but some 
works also underscore the uneven persistence 
of initial shocks on both activity (Bloom et al., 
2021) and employment (Chetty et al., 2020; 
Cajner et al., 2020). The final objective of this 
paper is therefore to characterise the diversity 
of the activity trajectories of French companies 
in 2020 and provide a typology. The understan‑
ding of this typology and of the role played by 
the sector or companies’ other demographic or 
organisational characteristics allows for a better 
the understanding of the heterogeneous impact 
of the health crisis on the activity of French 
companies.

The remainder of the paper presents the data 
used (section 1), the methods used to assess 
the impact (section 2) and the main results 
(section 3). These results are then discussed in 
the conclusion.

1. Data and Sample Construction
1.1. Database Construction

The activity is measured by companies’ turnover, 
which provides a gross measure of economic acti‑
vity whose estimation is relatively unaffected by 
reconstruction assumptions. It makes it possible 
to approach the impact of the crisis on activity 
independently of the subsequent adjustments 
in the financial and operational management 
of companies and of public support measures. 

The data used are derived from companies 
monthly value added tax (VAT) declarations 
to the French tax administration (DGFiP). The 
turnover of each company can be reconstituted 
from these declarations by summing up all 
its operations, whether or not taxable, on the 
French territory or abroad (Appendix A1). The 
financial sector, public administrations, as well 
as the self‑employed and sole proprietorships 
are excluded from the sample.

The series of turnover built from the tax returns 
require some corrections.5 Deferred returns, 
resulting in a null return in one month followed 
by a return to two months’ activity in the next 
month, were corrected by splitting the activity 
of the second month between the null month and 
the catch‑up month. Outliers, in terms of level or 
growth rate, were corrected by returning them 
to the trend of the series. Finally, companies 
reporting their turnover too irregularly, for which 
robust simulations could not be performed, 
were excluded from the sample. This restriction 
mainly concerns micro‑enterprises with low 
annual turnover and therefore only marginally 
affects the coverage rate of the study in terms 
of turnover (0.2 percentage points).

The VAT returns are enriched with informa‑
tion on the characteristics of companies from 
FARE 2018‑ÉSANE (compilation of companies’ 
annual statistics) aggregate results file – the latest 
year available. The sample is therefore restricted 
to companies present in FARE 2018 and repor‑
ting their VAT monthly since January 2018. 
This matching makes it possible to check the 
consistency of the turnover figures reconstructed 
from the VAT data. To ensure this consistency, 
companies whose turnover from FARE differs by 
more than 35% from the annual turnover recons‑
tructed from VAT returns in 2018 are excluded 
from the data. Consistency was checked for both 
the legal units and the profiled groups. Where it 
was not verified for the legal unit but was for the 
profiled group, the latter was used in the sample 
by aggregating the turnover of the legal units 
comprising it.6 This condition excludes from the 
sample some large French companies for which 
the gaps between balance sheet data and the VAT 
returns are large.

5. They are detailed in Bureau et al. (2021a, Appendix B, p. 40).
6. In business accounting, the turnover of a company’s legal units do not 
exactly sum up. Comparing the turnover from the FARE profiled accounts 
with the proxy obtained by summing up the turnover from the VAT data 
makes it possible to keep legal units whose turnover are not consistent but 
whose approximation at the profiled level is consistent with the balance 
sheet data. This increases the sample size and coverage rate.
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1.2. Sample Description

The final sample consists of more than 
740,000 legal units, grouped into 645,000 obser‑
vation units: 578,000 legal units analysed as such 
and 68,000 profiled groups. It represents 85% of 
the value added of non‑financial corporations 
(NFCs) in the sectors used in the study, exclu‑
ding self‑employed workers. Out of all NFCs, 
the sample covers 71% of the value added, 
including 81% of the value added of intermediate‑ 
size and large enterprises (ETI‑GEs), 72% of 
the value added of small and medium‑sized 
enterprises (SMEs) and 38% of the value added 
of very small enterprises (VSEs), the majority 
of which are declare their VAT quarterly and 
annually.

The distribution of employees by sector in 
this sample is similar to that of all companies 
in the field of study. Compared with FARE 
data restricted to the scope of the study, the 
trade sector is slightly over‑represented, and 
the energy and scientific and technical sectors 
under‑represented. By company size, the work‑
force structure is comparable with the overall 
structure, but ETI‑GEs are under‑represented 
in the sample to the benefit of SMEs and VSEs 
(Figure I; for the figures, see Bureau et al., 

2021a, Appendix C, p. 41). The adjustments 
made to the returns thus only marginally distort 
the picture of the French NFCs population and 
of their activity.

1.3. Use of Survey Data

The study of the factors influencing the situation 
of companies during the crisis is enriched by 
the INSEE survey Impact de la crise sanitaire 
sur l’organisation de l’activité des entreprises 
(Duc & Souquet, 2020). This survey documents 
the behaviour of companies during the crisis, 
particularly their strategy for adapting their acti‑
vity: proportion of employees working remotely, 
reorganisation of commercial logistics during 
the lockdowns (development of online sales 
systems, direct sales or new delivery systems), 
adaptation of the supply through the development 
of new products, activities or services, specific 
investments, especially in new technologies, 
and the reorganisation of activity via a change 
in suppliers and commercial partners or the 
pooling of resources with other companies. The 
matching with these data restricts the sample to 
13,500 companies. To maintain the same repre‑
sentativeness of the sample, the observations are 
weighted by margin calibration. This matching is 

Figure I – Breakdown of employed staff by sector and company size
%

35

30

25

20

15

10

5

0

%
70

60

50

40

30

20

10

0

Agri
cul

tur
e

Minin
g a

nd
 qu

arr
yin

g, 
en

erg
y

Agri
-fo

od
 stu

ffs

Manu
fac

tur
e o

f co
ke 

and
 re

fine
d p

etr
ol. 

pro
d.

Elec
tro

nic
 eq

uip
men

t

Tra
nsp

ort
 eq

uip
men

t 

Othe
r in

du
str

ial 
pro

du
cts

Con
str

uct
ion

Tra
de

Tra
nsp

ort
 an

d s
tor

ag
e 

Hosp
ital

ity

Inf
orm

. a
nd

 co
m. se

rvic
es

Rea
l-e

sta
te 

act
ivit

ies

Scie
ntif

ic a
nd

 te
chn

ica
l ac

tivi
ties

Hea
lth

Othe
r s

erv
ice

s

VSEs
SMEs

ETI-
GEs

Sample FARE (on the field of study)

Note: The data from FARE includes all French companies in the field of study. % sector on left axis, % size on right axis.
Sources: DGFiP, VAT returns; INSEE, FARE 2018. Calculations by the authors.



ECONOMIE ET STATISTIQUE / ECONOMICS AND STATISTICS N° 532-33, 2022 7

One Year of COVID: What Impact did the Pandemic have on the Economic Activity of French Companies? 

only used in the last stage of the analysis, within 
the parametric model.

2. Methodology
2.1. Estimation of the Activity Shocks 
Attributable to the Crisis

The method consists in estimating activity 
shocks attributable to the health crisis for each 
of company in the sample, while ensuring that 
the aggregation of these individual forecasts is 
consistent with robust sectoral forecasts.

2.1.1. Estimation of the Non‑Crisis 
Dynamics at the Meso‑Economic Level

A total counterfactual turnover is first estimated 
at the size × sector level. For this, 16 sectors 
of the A17 aggregate nomenclature7 and 
three company sizes (VSE, SME and ETI‑GE) 
are used, for a total of 44 series.8 The combi‑
nation of sector and size makes it possible to 
maintain a fine level of analysis, even at the 
most aggregated level of the simulations, to 
take into account the particular seasonality of 
VSEs in some sectors and to obtain more robust 
predictions of the amounts of activity generated 
by VSEs within each sector.

The total turnover of the size × sector groups 
is first reconstructed monthly between 
January 2015 and January 2020. This period is 
used to model the non‑crisis dynamics of the 
44 size × sector series s. Each series is stationa‑
rised9 then modelled using a SARIMA model by 
selecting the pair p qs s,( ) of autoregressive and 
moving average parameters wich minimises the 
Akaike information criterion (AIC) criterion10 
among 64 possible parameter combinations 
ranging from p qs s= =( )1 1,  to p qs s= =( )8 8, .11 
This procedure provides a robust model of the 
transformed size × sector and stationary series 
corresponding to equation (1). By noting Yt s,  the 
turnover of the size × sector group s at date t, 
B  the delay operator and X B log Yt s t s, ,= −( ) ( )1 12 ,12 
each series can be written as:

X X Xt s s t s p s t p s t s

s t s q

s s

s

, , , , , ,

, ,

...

...

= + +( ) +

− + +

− −

−

ϕ ϕ ε

ψ ε ψ

1 1

1 1 ,, , ,s t q ss
sε −( ) ∀

 
(1)

where εt s t T, ,...,( )
=1

 designates a gaussian white 
noise of variance σ 2. These equations are then 
used to calculate the monthly optimal linear 
forecast of horizon h for each size × sector series. 
As part of the study, h ∈[ ]1 11, , the forecast being 
made between February and December 2020:

X EL X X X hT h s T h s s T s+ +=   ∀ ∈[ ]

, , , ,| ,..., , ,1 1 11  (2)

The forecasting model is trained over the 
January 2015‑January 2020 period. The trans‑
formation of the series of forecasts obtained with 
equation (2) results in the series Y

T h s h+ ∈[ ]( ) , ,1 11
, 

corresponding to the estimate of counterfactual 
turnover during each month of 2020 for each 
size × sector group13 14.

2.1.2. Calculation of the Counterfactual 
Activity Figures and Individual Shocks

The second step is to allocate the estimated 
counterfactual turnover to all companies in 
each size × sector group. This breakdown is 
done iteratively, starting with February 2020 
and ending with December 2020. The monthly 
market share of each company in its group 
incorporates its own seasonality and recent 
development dynamics. Formally, the indivi‑
dual share attributed to each company i in the 
group size × sector s in the first month t (here,  
February 2020) is:
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7. The 17‑sector split was preferred because it allowed for better quality 
forecasts than those obtained with a finer division.
8. Of the 48 groups resulting from cross‑referencing the sizes and sec‑
tors, those with few companies are merged by sector. In the agriculture 
and health sectors, companies with more than 10 employees are grouped 
together. The coke and refined petroleum product sector is a single group.
9. The stationarity of the transformed series is verified by Dickey‑Fuller and 
augmented Dickey‑Fuller tests (Dickey & Fuller, 1979).
10. The AIC criterion is 2 2k log L− ( ) where L is the likelihood of the esti‑
mated model and k the number of free parameters of the model. It is based 
on a compromise between the quality of the adjustment and the complexity 
of the model, penalizing models with a large number of parameters to limit 
the over‑adjustment (Akaike, 1998).
11. Once this pair of parameters has been selected, the residuals are 
tested for the absence of serial autocorrelation, their normality and their 
whiteness (Box & Pierce, 1970; Ljung & Box, 1978). The significativity of 
the coefficients associated with the pair of parameters is tested by a z‑test. 
When more than one of these criteria is not verified, the pair of parameters 
giving the second lowest value for the AIC is selected and the procedure 
is repeated.
12. The difference to the same month of the previous year is a classic 
approach to the stationarity of time series. A monthly breakdown of the 
44 size × sector series also identified a seasonal trend, justifying the use 
of 12 months delays.
13. The quality of these size × sector forecasts is tested on 2019. In a 
crisis‑free year, the counterfactual forecasts are expected to match the 
observed turnover amounts. Over the entire period, the absolute value of 
the difference between the observed amount and the simulated amount 
for all series is 2% on average, and the observed amount is within the 
95% confidence interval for the predicted amount (details in Bureau et al. 
2021a, Appendix F, Figure F.1). For 2019, the model developed allows for 
better results than naive modeling, attributing as monthly turnover the tur‑
nover of the same month of the previous year, for 85% of the months of all 
44 size × sector series.
14. These forecasts also coincide with the Banque de France’s monthly 
economic survey (details in Bureau et al., 2021a, Appendix F, Figure F.4). 
The correlation coefficient between the monthly shocks estimated in the 
study and by the survey is around 0.8.
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with Si s t, ,  the market share of company i within 
the group size × sector s at date t. The market 
share attributed to each company in February 
corresponds to the average of its market share 
in the previous three months15 and its market 
share in February 2019,16 to which is added an 
individual weight to incorporate the compa‑
nies’ growth or decline trend over the past year. 
This coefficient is based on the structure of the 
Haltiwanger and Davis indicators and is bounded 
by construction between 0 and 2 and centred 
around 1 (Davis & Haltiwanger, 1992). Above 1, 
it allows for the incorporation of a growth trend, 
and below it, of a decline.

The counterfactual market shares for the months 
of March (t +1) to December 2020 (t +10) are 
calculated in the same way but by replacing the 
market shares for the months after February 2020 
with those estimated in the previous iterations:
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The monthly market shares are then adjusted so 
that they sum up to 1 within each group:
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The individual counterfactual turnover is the 
product of the estimated individual market share 
and the total counterfactual activity of the group 
to which the company belongs in month t:
CA S Y

i s t i s t t s  , , , , ,
=  (6)

The estimated monthly activity shock is the 
difference, in percentage, between the observed 
turnover and this counterfactual turnover.
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By summing up – month by month or over the 
year – the counterfactual turnover of the entire 
sample or of a given sector and comparing it 
with the aggregate turnover observed in the same 
area, it is possible to construct aggregate activity 
shocks. Analyses of the distribution of indivi‑
dual activity shocks as calculated in (7) make 
it possible to refine these results by identifying 

winning and losing companies, even within the 
same sector.

2.1.3. Measurement of the Impact of the 
Crisis by Distributional Indicators of Activity 
Shocks

The estimated individual counterfactual turnover 
figures constitute robust scenarios of what could 
have been observed for each of the companies 
based on all the information available at the start 
of the crisis. However, despite the methodolo‑
gical precautions taken, it is possible that the 
forecasts at the company level differ from the 
figures that would have been observed. On the 
one hand, this is because the individual amounts 
of turnover declared by the companies are much 
more volatile than the aggregated amounts, and 
do not necessarily show the same seasonality. 
On the other hand, the attribution of the counter‑
factual market shares is based on the dynamics 
observed in the year preceding the forecasting 
exercise, which makes the exercise proble‑
matic for companies with a nonlinear growth 
trajectory. Therefore, even in the absence of a 
crisis, modelling individual shocks leads to the 
estimation of shocks that are not necessarily zero 
and may fluctuate around 0. In this sense, the 
analysis of the prevalence of winning or losing 
companies in 2020 and the magnitude of these 
gains or losses must focus on their distribution 
and its exceptional nature during the crisis.

The comparison of the distribution of activity 
shocks in 2020 with the one obtained by replica‑
ting the simulation over 2019 makes it possible 
to compare the deviations of the expected trajec‑
tories simulated by the model in the year of the 
crisis with those of a year without a crisis. The 
intensity of the distortion of this distribution 
in relation to 2019, when deviations close to 
zero are expected, illustrates the intensity of 
the impact of the health crisis. This distortion 
is measured with the Hellinger distance, which 
lies between 0 and 1 and measures the similarity 
between two statistical distributions. Noting f 
and g, the density functions of the compared 
distributions, the Hellinger distance is the square 
root of the following formula17: 

H f g f x g x

f x g x dx

2
21

2
1

,( ) = ( ) − ( )( )
= − ( ) ( )

∫

∫

15. This moving average smooths out potential one‑off results and gives a 
more robust picture of the company’s weight within the group.
16. The market share of the same month of the previous year allows to 
incorporation of the monthly seasonality of companies, an important ele‑
ment if it differs from the seasonality of the group.
17. The analysis was reproduced with other statistical distances 
(Kullback‑Leibler, Bhattacharyya) for identical conclusions.
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The comparison of the distributions of activity 
shocks is made on annual and monthly shocks. 
The densities of individual shock distributions 
are estimated using kernel densities.

The use of individual data highlights the disper‑
sion of the shocks. The contribution of the 
sector to this heterogeneity must be assessed 
and to do this, the monthly variance of the 
individual activity shocks is broken down into 
a part attributable to the activity sector and a 
residual part attributable to other factors. The 
sectoral breakdown used is the finest level of 
the French classification of activities, with 
732 categories. The breakdown method used is 
standard (Gibbons et al., 2014; Helpman, 2017) 
and follows the equation:

V Var Choc n
n

Var Choci s
s

s
s i s= ( ) = ⋅ ( )∑, ,

Within class variance
  

  

+ ⋅ −( )∑
s

s
s

n
n

Choc Choc
2

Between class variance

with Choc
n

Choc
i

i s= ∑1
,  and Choc

n
Chocs

s i s
i s=

∈
∑1

, , 

Choci s,  the shock suffered by the firm i of sector 
s and n the number of companies in the sample.

2.2. Partition of Companies According to 
Their Shock Trajectory

The constitution of a series of monthly acti‑
vity shocks for each company in the sample 
renders the trajectories of all the companies 
comparable, independently of their expected 
and observed figures, thus making it possible to 
identify homogeneous groups among the series 
of monthly shocks.

2.2.1. Construction of a Typology using Time 
Series Clustering
Business shock profiles for 2020 are identified 
using time series clustering. This method consists 
in partitioning a population of series into a given 
number of homogeneous classes according to 
the dynamic time warping18 (DTW) distance 
(Berndt & Clifford, 1994; Ratanamahatana & 
Keogh, 2004). Figure II illustrates the difference 
between this distance and a Euclidean distance: 
the Euclidean approach simply compares the 
series point by point, whereas the DTW approach 
compares the series two by two and distorts the 
order of the points to align them as much as 
possible. This distortion only occurs within a 
window of width equal to 10% of the size of the 
series, i.e. one month (Aghabozorgi et al., 2015).

The monthly shock trajectories are divided into 
k classes to minimise the DTW distance between 
elements of the same class (Sardá‑Espinosa, 
2019). To do this, k trajectories are drawn 
randomly in the sample to form the centre 
of each class. The other trajectories are then 
compared with the different centres and assigned 
to the class whose centre is closest. When all the 
series have been classified, the median series 
of each classe becomes the new centre and the 
process is repeated until the partition converges 
or until the maximum number of iterations is 
reached. The final partition depends on both the 
number of classes chosen and the initial centres. 
A 4 class partition was chosen here to optimise 
the quality of the partition while maintaining a 
large number of classes.19 The clustering was 

18. Details in Bureau et al. (2021a, p. 15).
19. Details in Bureau et al. (2021a, Appendix H, p. 86).

Figure II – Comparison of Euclidean (left) and DTW (right) distances
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repeated ten times to ensure the stability of the 
final partition. Confusion, i.e. the proportion 
of companies changing classes between these 
repetitions, remains close to zero in all these 
repetitions.

2.2.2. Explaining the Breakdown of 
Companies between Profiles: Implementation 
of a Classification Model

The identification of the trajectory profiles and 
the distribution of companies is based exclusi‑
vely on the estimated monthly activity shocks, 
but the latter may be correlated with companies’ 
characteristics. To explain retroactively the allo‑
cation of companies between these trajectories, 
we study the correlations between the profile 
assigned to companies and their characteristics.

The explanatory variables used in the model 
are the activity sector, the companies’ size, 
their dates of creation and the existence of an 
export activity, as well as variables relating to the 
development of online sales, delivery systems, 
new products or services, reorganisation of the 
activity, pooling of resources with other compa‑
nies and the investment in new technologies 
during the crisis. These variables are taken from 
FARE and survey data. Matching with survey 
data restricts the sample to 13,500 companies. 
To maintain a sample in which the propor‑
tion of companies assigned to each trajectory 
profile is similar to that of the sample and to 
have an identical distribution in terms of size, 
activity sector, date of creation and existence 
of export activity, weights are assigned to 
companies using a margin calibration method 

(Deville & Särndal, 1992; Rebecq, 2016). The 
classification model is an unordered multinomial 
logit model estimated by neural network with the 
Broyden‑Fletcher‑Goldfarb‑Shanno20 method.

3. Results
3.1. A Very Significant Impact on  
Business Activity with Varying Magnitude 
Over the Year

Total economic activity was very slow during 
the first lockdown of 2020. Between March 
and May, its level is 27% below its estimated 
level in the absence of a pandemic (Figure III). 
In April alone, this difference reaches −35%. 
Economic activity then rebounded between 
June and October, while remaining 10% below 
its expected level. The loss of activity in spring 
was therefore not offset by higher activity in the 
summer or early autumn. In the fourth quarter, 
which includes the second lockdown, the loss 
of activity is estimated at about 10%. On the 
one hand, the second lockdown was shorter 
and less restrictive than the first. On the other 
hand, companies were more able to adapt their 
strategies and organisation than at the beginning 
of the pandemic.

Over 2020, the total amounts of turnover in the 
French economy deviated from their expected 
trajectory, with varying degrees of inten‑
sity depending on the month studied. These 
consistently negative deviations at the macroe‑
conomic level are the result of both positive 

20. Details in Bureau et al. (2021a, Appendix K, p. 91).

Figure III – Change in the aggregate activity shock in 2020
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and negative activity shocks at the individual 
level. In the absence of a crisis (2019), the 
distribution of the modelled individual activity 
shocks is symmetrical, centred around zero 
and of low variance. On the contrary, in 2020, 
the distribution of annual shocks is no longer 
symmetrical: it has shifted sharply to the left, 
reflecting a higher proportion of negative shocks 
(Figure IV). The aggregate activity losses there‑
fore reflect the greater prevalence, in 2020, of 
negative individual activity shocks, sometimes 
of great intensity.

Figure IV – Distributions of individual activity 
shocks in 2019 and 2020
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some companies are doing at least as well as 
they could have in the absence of a crisis. This 
heterogeneity raises questions, particularly with 
regard to the role of the activity sector in the 
observed differences, especially as the dissimila‑
rities between the distributions of activity shocks 
in 2019 and 2020 are more pronounced during 
the lockdowns.

Indeed, the first lockdown constituted a shock for 
all sectors, but of varying magnitude. Hospitality 
and transportation equipment manufacturing were 
the two sectors who suffered the biggest losses 
in economic activity, with estimated activity 
losses of −71% and −54%, respectively, between 
March and May (Figure VI). The information 
and communication, agriculture and agri‑food 
sectors were more resilient (respectively −13%, 
−11% and −9%). On the contrary, during the 
second lockdown, only some sectors saw their 
activity deteriorate significantly after the general 
moderate recovery in the summer: hospitality 
(−54%) and “other services” (−33%). For the 
bulk of the other sectors, the decline in activity 
was more limited.22 In several industrial sectors, 
such as electronics and other industrial products, 
economic activity rebounded between the two 
lockdowns and almost recovered to the expected 
level for the latter (−3% and −5%, respectively).

While cross‑sectoral differences are pronounced 
at this level of division, it is likely that they do not 
entirely explain the diversity of individual situa‑
tions experienced by French companies. For each 
sector, Figure VII presents the main quantiles, 

21. Details in Bureau et al. (2021a, Appendix F.1.b, Figures F.2 and F.3).
22. Details in Bureau et al., 2021a, Appendix E, p. 62

Figure V – Hellinger distance between the monthly 
distributions of individual shocks in 2019 and 2020
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The distortion of the individual activity shock 
distributions changes monthly based on the 
intensity of the economic shock. The Hellinger 
distance, which compares the distributions of the 
activity shocks for the same month of 2019 and 
2020, illustrates this change (Figure V).21 The 
measured dissimilarity is very low for the month 
of February, the first month modelled during the 
early days of the crisis. Thereafter, the distortion 
of individual shocks seems to intensify depen‑
ding on the timing of the restrictive measures: 
strongest in April before progressively reducing 
until October, when the curfew and then the 
second lockdown were introduced.

3.2. Heterogeneity of Individual Situations 
Exceeds Sectoral Affiliation

Even when the impact of the crisis is most 
severe, the distributions of individual activity 
shocks reveal that a number of companies expe‑
rience positive deviations from their expected 
trajectories. In the midst of the first lockdown, 



 ECONOMIE ET STATISTIQUE / ECONOMICS AND STATISTICS N° 532-33, 202212

Figure VI – Combined economic activity shock from March to December 2020: sectoral breakdown
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Figure VII – Dispersion of the activity shocks by sector in 2019 and 2020
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weighted by the number of employees,23 of the 
distribution of estimated activity shocks for the 
companies in each sector in 2020 and 2019. 
In 2020, the majority of companies in each sector 
experience loss of business, and the situation 
of the sectors are heterogeneous with very 
different median shocks. Therefore, each sector 
displays a substantial dispersion with some 
highly affected companies, sometimes ceasing 
all activity, and others that achieve their expected 
level of activity despite the crisis. These diffe‑
rences observed within a 17‑sector breakdown 
can be explained by the fact that the health 
restriction measures, particularly the temporary 
closures, affected more finely defined sectors. 
At the finest level of the French classification of 
activities (732 categories or “sub‑sectors”), the 
median annual shocks vary greatly between the 
sub‑sectors of the same aggregate sector, even 
among those most affected sectors. For example, 
in hospitality, fast food establishments were 
more resilient (−34%) than beverage serving 
(−55%) or catering (−70%) activites, all forced 
to close in March.24 For “other services”, the 
largest loss relates to the operation of arts faci‑
lities (–80%), while funeral services continued 
(−4%). Similarly, the least affected sectors, such 
as trade and food manufacturing, also include 
heavily affected sub‑sectors (department stores 
−52%, bakeries −23%) and others with mode‑
rate gains in activity (retail sale of household 
appliance +8%, pasta manufacturing +8%).

However, can the diversity of the situations 
of French companies during the COVID‑19
pandemic be solely attributed to the activity 
sector, even when considered at its finest 
division? The breakdown of the monthly 
variance of individual activity shocks between 
a proportion attributable to the activity sector 
(732 categories) and a residual proportion 
allows an assessment of the contribution of the 
sector to the diversity of business situations. In 
2020, the activity sector contributes 43%25 to 
the variance of individual activity shocks, much 
more than in 2019 (Figure VIII). The contribu‑
tion of the sector to the heterogeneity of shocks 
is also higher during the months of lockdown, 
which unevenly affected the various sectors. In 
April 2020, the sector contributed 48% to the 
variance of the workforce‑weighted shocks. The 
role of the sector in the dispersion of shocks 
is also consistently greater in the S1 and S1bis 
sectors,26 which were more affected by health 
restrictions and administrative closures.

23. The dispersion of individual workforce‑weighted activity shocks reflects 
the dispersion of shocks for employees belonging to these companies. The 
unweighted dispersion reflects the dispersion of shocks for companies, i.e. 
for VSEs as they are predominant in both the economy and the sample.
24. See Bureau et al. (2021b).
25. Breakdown with weighting by number of employees.
26. The lists of sectors S1 and S1bis are defined by successive amend‑
ments to the Decree of 30 March 2020 concerning the solidarity fund. 
The development of these lists has been reconstructed, month by month, 
over 2020. The S1 list covers sectors particularly affected by the crisis and 
administrative closures, particularly in the areas of food service, tourism, 
event management, culture and sport. The S1bis list covers sectors related 
to, for example, film distribution and book publishing.

Figure VIII – Contribution of the intersectoral variance to the variance of the activity shocks
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The role played by the activity sector in indi‑
vidual deviations from the modelled activity 
trajectory is significantly greater in 2020 than 
in 2019. In 2020, th sector’s contribution to the 
heterogeneity of situations is greater during the 
months with marked health measures. However, 
even at its peak, this contribution only represents 
half of the total heterogeneity, so other factors 
necessarily influence the observed activity 
shocks. To jointly address the heterogeneity of 
individual situations, month by month, and the 
various factors that can explain these differences 
between companies and their change over time, 
the analysis is extended in two stages: first by 
identifying a relevant typology of the different 
business trajectories during 2020 to group 
together companies whose changes in business 
gains or losses was comparable over the year. 
Then by studying the determinants of belonging 
to each trajectory profile using a multinomial 
classification model.

3.3. Four Profiles of Shock Trajectories 
During the Crisis

Establishing a typology of the individual 
trajectories of companies in 2020 allows us to 
identify four standard trajectories of monthly 
activity shocks in 2020 (Figure IX). Each of 
these profiles distinguishes itself from the others 
both by the magnitude of the shock experienced 
at the beginning of the pandemic and by the resi‑
lience displayed, i.e. the capacity to return to its 

expected non‑crisis trajectory. Specifically, the 
following groups are identified:

‑ ‘Unaffected’ companies (36% of companies 
and 42% of employees):

The first lockdown had a limited impact on these 
companies, with an mean shock27 of −14% in 
April, followed by a recovery towards the 
expected activity level from June on. With the 
exception of first lockdown, the distribution of 
shocks within this group is comparable with that 
of a “normal” year.

‑ ‘Resilient’ companies (38% of companies and 
44% of employees):

Their initial loss of activity was more substan‑
tial, with a mean impact of −51% in April. From 
June onwards, losses are lower and the mean 
impact remains stable at around −20% until the 
end of the year.

‑ ‘Locked down’ companies (20% of companies 
and 12% of employees):

Their average trajectory is characterised by 
major lockdown shocks (–72% in April, −70% in 
November and December) and limited recovery 
of activity during the summer.

‑ ‘Depressed’ companies (6% of companies and 
2% of employees):

27. All means are calculated on right‑hand winsorized series: shocks 
higher that the 95th percentile are reduced to the value of this quantile.

Figure IX – Average shock for each trajectory profile
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Their activity collapsed during the first lockdown 
(−84% on average in April), with no recovery 
in the summer. The median shocks among these 
companies are close to −100% from April to 
December 2020, and a third of them report zero 
turnover over this entire period.

3.4. Characterising the Activity Trajectory 
of Companies: Beyond the Activity Sector, 
Organisational Adaptation

The distribution of companies between the 
trajectory profiles is “unsupervised” and there‑
fore depends only on each company’s estimated 
activity shocks. The exploration of the correla‑
tions between the characteristics of companies 
and their trajectory profile makes it possible to 
clarify ex post the underlying logic behind the 
difficulties they may have encountered.

The coefficients resulting from the classification 
model studying these correlations are statisti‑
cally significant28 (Appendix A2). The activity 
sector is the dominant factor in the distribution of 
companies between these trajectories. It accounts 
for almost 85% of the allocation of the compa‑
nies explained by the model.29 This proportion is 
attributable to the very high sectoral dependence 
of the most affected profiles, which are almost 
entirely made up of companies from sectors 
administratively closed during the lockdowns. 
Conditionally to other variables, the sectors 
with the highest probability of belonging to the 
‘Unaffected’ profile are those of consumer elec‑
tronics manufacturing, food industry sub‑sectors, 
veterinary activities and the medical sector. In 
the ‘Resilient’ profile, the majority are manu‑
facturers of jewellery, computers, peripheral 
equipment and automotive equipment. The 
sectors with the highest probability of belonging 
to the ‘Locked down’ profile are those of rail 
transport, libraries and museums. Finally, in the 
‘Depressed’ profile, the sub‑sectors of culture, 
hospitality and tourism, and passenger transport 
are the most over‑represented.

Conditionally to the sector, the effect of other 
variables on the probability of being in the 
different classes is significant, but smaller in 
scale. In other words, the absolute difference 
in the probability of belonging to a profile is 
much greater between two different sectors than 
between two modalities of another variable in 
the model. However, by expressing the effects of 
each of these variables as a percentage of change 
in the probability of being assigned to each 
profile,30 several elements emerge (Figure X).

SMEs, particularly VSEs, which were more 
affected on average during lockdown, have, all 

things being equal, more chance of belonging 
to the ‘Locked down’ profile, illustrating the 
specific difficulties faced by VSEs in a number 
of sectors.

Exporting companies, in turn, have a higher like‑
lihood of belonging to the ‘Depressed’ profile, 
probably owing to their dependence on foreign 
markets and falling external demand. The deve‑
lopment of new products and retail systems 
following the crisis is associated with a higher 
probability of belonging to the ‘Unaffected’ 
profile and a lower probability of belonging to 
the most affected profiles. The same is true for 
specific investments in new technologies, parti‑
cularly digital technology. The ability to adapt 
to health restrictions, particularly those affecting 
the way in which the supply and distribution of 
products are organised, was therefore important.

The reorganisation of activity and the pooling 
of resources with other companies are linked 
to a higher probability of belonging to both 
the ‘Unaffected’ and the ‘Depressed’ profiles. 
Companies that rapidly adapted their businesses 
were able to maintain their levels of turnover. 
On the other hand, pooling of resources may 
have been retrospectively necessary for the 
most affected companies, explaining a positive 
marginal effect in the ‘Depressed’ profile by a 
reverse causality mechanism.

These results allow for a more detailed explo‑
ration of the variables correlated with the 
heterogeneity of the observed situations. In 
particular, while the sector is indeed the main 
factor explaining companies’ shock trajectories, 
the correlations observed with some of their 
other characteristics, including their adapta‑
tion strategy during the crisis, provide a better 
understanding of the observed dispersion.

28. The observations are weighted by the coefficients from margin cali‑
bration during regression. This weighting can have a positive impact on the 
significance of the effects displayed.
29. Estimate by use of the Cox‑Snell (Cox & Snell, 1989) adjusted.
30. These effects are based on the calculation of the predicted probabi‑
lities at the mean of belonging to each profile for all the modalities of the 
categorical explanatory variables. Comparing these probabilities by varying 
only the modality of the same categorical variable, allows us to calculate the 
relative effect of switching from one modality to another based on the pro‑
bability of belonging to each profile. Formally, the effect of a binary variable 
j on the probability of belonging to profile c is:

Effect
Profile | X X Profile X X

Profilj,c
c j j c j j=

= 1, ‑ | = 0,‑ ‑ 


( ) ( )

ee X X
c

c j j| = 0,
, 1,4

‑( ) [ ]∀ ∈

.
These effects were also calculated by taking the mean of the variations in 
the predicted individual probabilities, with no impact on the trends in the 
results. This measure makes the predicted probability changes attributable 
to each explanatory variable commensurable for each activity trajectory, 
regardless of the size of these groups. For the use of predicted probabilities 
for logit models, see Long, 1997; Pryanishnikov & Zigova, 2003; Stratton 
et al., 2008; Peng & Nichols, 2003; Wulff, 2015.
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Figure X – Marginal effects of the classification model variables
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Sources: DGFIP, VAT returns; INSEE, Impact of the health crisis on business organisation and activity survey. Calculations by the authors.

*  * 
*

A striking result of this analysis is the high 
prevalence of companies that went through the 
crisis without deviating from the level of growth 
they would have experienced without the crisis. 
The aggregate loss of business is large but hides 
two dimensions of the crisis. On the one hand, 
not all companies experienced loss of business, 
and on the other hand, even if most companies 
were unable to compensate for the initial shock, 
a substantial proportion of them were able to 
recover their business trajectory to approach 
or even exceed the counterfactual scenario. It 
is particularly notable, for example, that the 
‘Unaffected’ profile comprises more than a third 
of companies and employees, more than ‘Locked 
down’ and ‘Depressed’ companies put together. 
To better understand the consequences of the 
crisis, it is necessary to identify the companies 
that fared better at the other end of the spec‑
trum, which includes companies that practically 
ceased their activity from March onwards. In this 
respect, organisational adaptations, particularly 

investments in new technologies, are impor‑
tant as they are correlate to the least affected 
activity trajectories and seem to have partially 
mitigated the difficulties associated with some 
health restrictions defined at the sectoral level. 
The fact that the ability to implement organisa‑
tional adaptation strategies after the onset of the 
crisis may have been uneven among companies 
raises the question of its role in exacerbating 
or mitigating situations predating the crisis. 
In other words, were the activity losses more 
pronounced for companies that were already in 
trouble when the crisis began?

The Banque de France rating assesses the 
risks associated with loans granted to compa‑
nies by estimating the companies’ ability to 
meet their financial commitments within a 
three‑year horizon31 and thus offers an indi‑
cator of the financial health of companies  
 

31. The rating is that of December 31st 2019. For profiled groups, the 
rating for the head of group, as documented in FARE, is used. If the SIREN 
number of the head of group is not known, the legal unit  with the highest 
highest value‑added within the profiled company is used.
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before the crisis.32 Combining this indicator 
with the activity trajectory category followed 
by companies in 2020 shows that the highest 
rated companies are more often found among 
the preserved (‘Unaffected’ and ‘Resilient’) 
profiles, while companies considered fragile 
before the crisis have more often experienced 
highly affected trajectories (‘Locked down’ 
and ‘Depressed’). The ratings range from 3++, 
for companies whose ability to meet their 
commitments is considered excellent, to P, 
for companies in insolvency proceedings (i.e. 
compulsory receivership or liquidation).33 
Among the highest‑rated companies (3++) at the 
end of 2019, 45% were ‘Unaffected’ (Figure XI). 
This proportion decreases as the listing levels 
fall to 30% for companies rated 5 and 12.5% 
for companies rated P. This gradient reverses for 
‘Depressed’ companies, accounting for 1.5% of 
companies rated 3++, the lowest share among 
all rates. This proportion increases as ratings 
decrease, reaching 7% for companies rated 5, 
16% for companies rated 9 and 45% for compa‑
nies rated P.

These ratings may be correlated with the activity 
sector or other characteristics of the companies, 
such as their size or age and even their ability to 
adapt their behaviour and organisation during 
the crisis (Bureau et al., 2021a). The statistics 
presented here are descriptive and should not 
be analysed independently of the results of the 

classification model presented,34 but they do 
provide an additional lesson: the companies 
whose trajectory has moved the furthest away 
from the level of growth that would have been 
expected in 2020 are those that were already 
vulnerable before the start of the pandemic. In 
other words, the impact strictly attributable to 
the crisis was greater for companies that were 
vulnerable from the outset. So the crisis may 
have exacerbated pre‑existing differences by 
weighing more heavily on companies that are 
already facing difficulties.35

The approach developed in this article aims to 
go beyond the theoretical debates on the crisis 

32. The rating is carried out by the Banque de France on the basis of an 
analysis of the accounting, financial and judicial information on the com‑
panies, their potential payment incidents affecting trade and qualitative 
information reported by company heads.
33. A number of companies are not listed and are given a 0 rating. These 
are the companies for which Banque de France does not have recent 
accounting documentation or has not gathered unfavourable information 
on trade bill payments or judicial information or decisions. These ratings 
are excluded from the breakdowns presented but account for fairly stable 
proportion between the different trajectory categories.
34. The limited access to these data allowed us to work only on the aggre‑
gate breakdown of companies by rating and trajectory profile established by 
our study. Inclusion in the multinomial model could have provided additional 
elements.
35. These findings echo the Institut des Politiques Publiques (IPP)’ assess‑
ments that the crisis hit low‑productivity companies harder, with a marked 
sectoral effect (Bach et al., 2020). Here, we show that this impact is more 
pronounced, even in relation to the trajectory that companies would have 
experienced without a crisis. Bureau et al. (2022) also show that public 
support measures have not benefited the most fragile companies ex ante 
any more.

Figure XI – Breakdown of companies by Banque de France rating as of December 31st 2019  
and trajectory of activity in 2020
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to study the impact that is actually attributable 
to it. By establishing individual reference 
scenarios, this work enables us to rethink 
the consequences of the crisis by taking into 
account the growth trajectories that companies 
followed before the pandemic, but also calls for 
an extension of the analysis to model the finan‑
cial situations of companies during the crisis, 
by incorporating both public aid and adaptations 
of company behaviour (payment of dividends, 

intermediate consumption, investments). This 
financial model would enable an assessment of 
the financial needs of companies by incorpora‑
ting the amounts of activity achieved (or lost) 
in 2020 and to quantify the amounts of cash flow 
required to resume a level of activity consistent 
with the dynamics experienced before the crisis, 
which could be estimated thanks to the counter‑
factuals in this study. These developments are 
the subject of further work. 
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APPENDIX 1 ___________________________________________________________________________________________

CONSTRUCTION OF SERIES OF TURNOVER

The formula for estimating turnover from VAT return data is as follows:

CA CAF CAE
CA BI AA AOI a b AONI

i t i t i t

i t i t i t i t i t

, , ,

, , , , ,. .
= +

⇔ = − − +( ) ++ + + −( )( )UE HUE a b AONIi t i t i t, , ,. .1

with a and b set by default at 1.

Table A1 – Dictionary of the variables derived from the VAT returns

Taxable base excluding tax, in France(TB)

Transactions performed in France at a normal rate of 20%
+ in metropolitan France at reduced 5.5% rate
+ in metropolitan France at reduced 10% rate
+ in overseas departments at normal 8.5% rate
+ in overseas departments at 2.1% reduced rate
+ old rates
+ taxable transactions at a particular rate

Self‑liquidated purchases (SLPs)

Purchase of intra‑community services
+ Imports
+ Intra‑community acquisitions
+ Delivery of electricity, natural gas, heat or cold taxable in France
+  Purchases of goods or services made from a taxable person not 

established in France
Other taxable transactions (OTTs) Other taxable transactions
Other non‑taxable transactions (ONTTs) Other non‑taxable transactions

Exports to the European Union (EU)

Intra‑community deliveries to a taxable person 
− B2B sales
+  Delivey of electricity, natural gas, heat or cold deliveries non‑taxable in 

France
Exports outside the European Union (OEU) Exports outside EU
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APPENDIX 2 ___________________________________________________________________________________________

RESULTS OF THE CLASSIFICATION MODEL

Table A2 – Regression results of the mlogit model
Dependent variable

Independent variables Locked down profile Resilient profile Unaffected profile
Size: VSEs 0.330*** (0.027) 0.786*** (0.044) −0.178*** (0.054)
Size: SMEs 0.224*** (0.027) 0.447*** (0.044) 0.090* (0.054)
Date of creation: Before 1997 0.385*** (0.009) 0.251*** (0.013) −0.020 (0.022)
Date of creation: Between 1998 and 2006 0.481*** (0.009) 0.780*** (0.012) 0.091*** (0.020)
Date of creation: Between 2007 and 2012 0.343*** (0.009) −0.098*** (0.012) 0.229*** (0.019)
Export activity 0.108*** (0.010) 0.103*** (0.014) 0.566*** (0.027)
Development of online selling −0.598*** (0.013) −1.375*** (0.022) −1.304*** (0.037)
Development of new delivery systems −0.525*** (0.013) −1.049*** (0.022) −0.703*** (0.036)
Development of new products/services 0.035*** (0.011) 0.219*** (0.016) −3.410*** (0.063)
Investment in new technologies −0.553*** (0.020) −1.141*** (0.029) −1.784*** (0.042)
Reorganisation of the activity −0.632*** (0.013) −0.797*** (0.021) −0.194*** (0.035)
Pooling of resources −0.068*** (0.013) −1.057*** (0.022) 0.283*** (0.026)
Remote workforce −0.004*** (0.0002) −0.008*** (0.0002) −0.009*** (0.0004)
Constant −7.878*** (0.038) −7.120*** (0.057) −7.748*** (0.072)
AIC 1,199,764.000 1,199,764.000 1,199,764.000
N 13,426

*p<0.1 ; **p<0.05 ; ***p<0.01.
Sources: DGFIP, VAT returns; INSEE, Impact of the health crisis on business organisation and activity survey. Calculations by the authors.




