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1 The Start-up Calculator

1.1 Data

The start-up calculator uses publicly available information from Eurostat Business
Demography Statistics spanning the period of 2008 to 2017 and 2013 to 2017 for some
EU Member States. This dataset includes (among other things) information on the
number of firms with at least one employee, average number of persons employed
and survival rates by firm age, where the latter is considered in the following age
categories: 0 (start-ups), 1, 2, 3, 4, 5 and all.

The number of firms of age a in year t, na,t, is directly observable in Eurostat,
as is firm size (persons employed) by age, sa,t. We denote the survival rate (also
observable in Eurostat) by age as 1− xa,t.

1.2 Accounting for start-ups: methodology

Because firms older than 5 are grouped together in Eurostat, it is necessary to inter-
polate information for each of the individual age categories. In addition, because the
sample period ends in 2017, it is necessary to extrapolate the information up until
2019, just before we perform our scenario analysis. In what follows, we describe the
interpolation and extrapolation methods employed in the start-up Calculator.

1.2.1 Age profile of exit and average size

Two inputs to the calculator are the profiles of average size and the survival rates by
age in the baseline scenario (i.e. without shock), for firms up to age 15. For firms
up to age 5, we measure directly in the data as averages over the sample period. For
older firms, we assume a functional form for both profiles and fit these to the available
data. Specifically, for the exit rate we assume the following functional form:

xa = β0 + β1

(
exp β2

1 + exp β2

)a−1
.

and note this implies a smooth profile, gradually decaying from an initial point xa=1 =

β0 + β1 to a limit point xa→∞ = β0. The parameter β2 controls the speed of decay.



Regarding the average size profile we assume a simple linear form:

na = γ0 + γ1a.

The functional forms for these two profiles capture well patterns documented using
data sets for which exit rates can be computed for all age groups (such as the US
Longitudinal Business Database, see e.g. Pugsley, Sedlacek and Sterk (2017)1).

To estimate the parameters of these profiles we use a minimum distance estimator,
targeting the following outcomes which we can observe in the data:

1. The average exit rate by age, for firms up to age 5

2. Average size of firms by age, for firms up to age 5

3. The average exit rate among all firms

4. Average size among all firms

Note that given a profile for the exit rate by age, one can compute the firm age
distribution, and then the average exit rate by weighting the exit rates by age with
the firm shares in each age bin.2 Then, given the age distribution and the average
size profile by age, one can compute average size across all firms.3 The estimation is
implemented in Matlab.

Finally we export the two profiles to Excel, for firms between age 5 and 15. For
firms up to age 5, we use the averages measured in the data as opposed to the fitted
profiles.

1.2.2 Extrapolation of information until 2019

Information on start-ups and young firms. In order to extrapolate the nec-
essary data between 2017 and 2019, we assume that firm size by age and exit rates
by age (up to age 15), and the number of start-ups, all linearly converge to their

1“The Nature of Firm Growth”, working paper, see https://ideas.repec.org/p/cfm/wpaper/1737.html
2In particular, the share of firms in age bin a is given by

∏a
k=1(1−xk)

1+
∑T

a=1

∏a
k=1(1−xk)

,where T is a truncation
age which we set at 100 years. When computing the age distribution, we use the data averages for
firms up to age 5, rather than the fitted profile.

3In doing so, we again use actual data average for firms up to age 5, as opposed to the fitted
profiles.



2008-2017 averages:
xa,2017+τ = xa,2017 +

τ

2
(xa − xa,2017),

sa,2017+τ = sa,2017 +
τ

2
(sa − sa,2017),

n0,2017+τ = n0,2017 +
τ

2
(n0 − n0,2017),

for τ = 1, 2 and a = 1, 2, ..., 15, and where xa, sa and n0 denote the 2008 to 2017
averages of age-specific exit rates, firm sizes and the number of start-ups, respectively.
Using the above, we can then recover the number of firms for the ages of 1 to 15 as
na,t = na−1,t−1(1− xa,t), for a = 1, 2, ..., 15 and t = 2018, 2019.

Number of older firms. In order to compute aggregate employment, it is also
necessary to assume a particular time-path for employment of 16+ year old firms.
However, because 16+ year old firms are unaffected by our scenarios, the particular
time-path is quantitatively unimportant for the results which are reported in devia-
tions from the assumed trend. For this reason, we simply assume that employment
in 16+ year old firms stays fixed at its 2017 level.

1.2.3 Constructing alternative scenarios

Having the above information, we are ready to conduct scenarios starting in 2020
and running through to 2030. We consider three types of margins: (i) changes in
the number of start-ups, (ii) changes in growth potential and (iii) changes in survival
rates.

Scenarios involving (i) and (iii) are straightforward. Upon impact, we lower the
number of start-ups and/or the survival rates of young firms by a certain value and
keep this value for a certain period. Growth potential works on the same principle,
but applies to the cohort of start-ups which enters in 2020. Therefore, lowering the
growth potential by a certain percentage value results in the entire growth profile of
firms born in 2020 shifting downwards. Importantly, the size of firms which in 2020
are older than 0 years is unaffected.

To be concrete, for a given scenario, let us denote the initial percentage decreases
in the number of start-ups, the growth potential of start-ups and the survival rate of
young firms by ζj ∈ (0, 1), where j = {n, s, x}, respectively. Let us further denote
the duration of these effects by τj > 0, where j = {n, s, x}, respectively. The given



scenarios are then given by

n0,2019+t =n0,2019(1− ζn), for t = 1, ..., τn,

sa,2019+t+a =sa,2019(1− ζs), for t = 1, ..., τs, and a = 0, 1, 2, ..., 15,

xa,2019+t =xa,2019(1− ζx), for t = 1, ..., τn, and a = 1, 2, ..., 15.

Notice that in the above, the changes in growth potential apply to cohorts of start-
ups. For instance, if the effect of the pandemic lasts only for one year (τs = 1), then
only start-ups in 2020 are affected. In 2021, it is one year old firms which have lower
growth potential, i.e. the cohort born in 2020, while firms of all other ages (including
new start-ups), are unaffected. In contrast, the pandemic affects the survival rates of
all young firms simultaneously and therefore businesses aged 0 to 10 years experience
a drop in survival rates in 2020. Also note that the number of businesses older than
(i.e. a > 0) years is given by na,t = (1− xa,t)na−1,t−1.

Our calculator can also accommodate bounce-back scenarios. These are always
defined as certain values above the 2008-2017 averages of the number of start-ups,
average sizes and survival rates of young firms. Recall that all these margins converge
precisely to the respective 2008-2017 averages by 2019.

Specifically, let us denote the percentage increase (above the respective long-run
average) in the bounce-back scenario related to the number of start-ups, the growth
potential of young firms and their survival rates by χj, where j = {n, s, x}, respec-
tively. Furthermore, let us denote the length of the bounce-back period by σj, where
j = {n, s, x}, respectively. The given bounce-back scenarios are then given by

n0,2019+τn+t =n0,2019(1 + χn), for t = 1, ..., τn,

sa,2019+τs+t+a =sa,2019(1 + χs), for t = 1, ..., τs, and a = 0, 1, 2, ..., 15,

xa,2019+τx+t =xa,2019(1 + χx), for t = 1, ..., τn, and a = 1, 2, ..., 15.

Finally, in all scenarios aggregate employment in a given year is computed simply
as the sum of employment in firms aged 0 to 15 and the (extrapolated) employment
of firms older than 16 years. Therefore, we are being conservative in the sense that
we are not allowing businesses aged 16 and more years to be affected by the crisis.
Our results should, therefore, be considered as a lower bound on the given scenarios.
While the margins of start-ups and growth potential would only “kick in” after 2030



for these older firms, their survival rates may very well be affected in 2020 already.

1.3 Adjusting for equilibrium effects

The calculations above abstract from potential equilibrium effects. In this subsection,
we describe how to adjust for this, by placing the calculator within a “shell” formed
by a basic but standard heterogeneous-firm model. This model also clarifies how the
calculator connects to canonical equilibrium models of firm dynamics.

In the model, there is a measure M of heterogeneous firms.4 Let the production
function of firm i be given by

yi = zin
α
i ,

where yi is the firm’s output, ni its employment level, zi is the firm’s productivity
level, and α ∈ (0, 1) is the elasticity of production with respect to labour input.5 The
wage per employee is taken as given by firms, and denoted by w. The firm chooses
its level of employment in order to maximize profits, given by yi−wni . This implies
the following familiar solution for labour demand by firm i:

ni = (zi)
1

1−α

(w
α

) 1
α−1

Aggregating over all firms, aggregate labour demand is given by:

N = M
(w
α

) 1
α−1

χ

where χ ≡
∫
z

1
1−αdF (z), where F is the CDF of the productivity distribution. Tak-

ing logs and differentiating (keeping idiosyncratic productivities constant), we can
decompose changes in aggregate labour demand as:

d lnN = d lnM︸ ︷︷ ︸
#firms

+ d lnχ︸ ︷︷ ︸
growth potential

+
1

α− 1
d lnw︸ ︷︷ ︸

wages

(1)

The first two terms reflect changes in, respectively, the number of firms and their
4Although the model is dynamic, it can be described entirely in static terms, hence we omit time

subscripts.
5We abstract from capital for simplicity. Augmenting the model with capital would not change

any of our results.



growth potential (productivity), whereas the third term captures equilibrium effects
due to wage conditions.6 Equation (1) can be understood as an aggregate labour
demand curve, which is shifted by the number of firms and their growth potential.

To close the model, we need to specify how labour supply is determined. We
assume there is a representative household with Greenwood-Hercowitz-Huffmann
preferences. Specifically, the household’s level of utility is given by: U(C,N) =

1
1−σ

(
C − µN1+κ

1+κ

)1−σ
, where C denotes consumption and µ, κ, σ > 0 are preference

parameters. The household chooses C and N to maximize utility, subject to a bud-
get constraint given by C = wN + Π, where Π are aggregate firm profits. Utility
maximization implies the following labour supply curve: µNκ = w. Taking logs and
differentiating gives the labour supply schedule:

d lnN =
1

κ
d lnw (2)

Combining the labour demand and supply schedules, Equations (1) and (2), we can
solve for the equilibrium level of aggregate employment:

d lnN = Ψ︸︷︷︸
equilibrium dampening

(d lnM + d lnχ︸ ︷︷ ︸
calculator output

) (3)

where Ψ ≡ 1
1−κεnw ∈ (0, 1), where εnw = 1

α−1 is the wage elasticity of labour demand.
Equation (3) expresses aggregate employment (in deviation from some baseline trend)
as a function of the number of firms and their growth potential. The latter two we
obtain as outputs from the calculator.7 The parameter Ψ is an equilibrium dampening
coefficient, which depends on the elasticity of labour demand (εnw) and the Frisch
elasticity of labour supply ( 1

κ
). Based on these two parameters and the output from

the calculator, we can thus compute the equilibrium change in aggregate employment
from Equation (3).

To gauge how large such equilibrium dampening effects could be we consider
standard values for the model parameters. Specifically, we could assume a unit Frisch
elasticity of labour supply (κ = 1) which is in the ballpark of the estimates in the
micro and macro literature. The parameter α could be set in accordance with the

6Other sources of equilibrium dampening could derive from endogenous entry and exit, which we
abstract from here.

7Alternatively, one could model an explicit entry and exit block of the model.



labour share of aggregate income, which is around sixty percent in the US, implying
α = 0.6. Given these numbers, we obtain Ψ = 0.29, i.e. equilibrium effects dampen
just over seventy percent of the decline in aggregate employment.

Note however, that the above model does not contain any labour market frictions.
In the presence of such frictions, labour demand is likely to be less sensitive to wages.
We therefore could use a direct empirical estimate of the labour demand elasticity.
Lichter, Peichl and Siegloch (2015) conduct a meta study of empirical estimates and
recommend an elasticity of -0.246. Setting εnw = −0.246 (and again κ = 1) we obtain
a coefficient of Ψ = 0.80, i.e. 20% dampening. Otherwise, we could use elasticities
that are consistent with values adopted by the European Commission QUEST and
RHOMOLO models. In this case, the labour supply elasticity is set at 0.25 and the
labour demand elasticity at -0.1. These elasticities result in a dampening effect of
29%. These value have been used by Benedetti-Fasil, Sedláček and Sterk (2020a),
Benedetti-Fasil, Sedláček and Sterk (2020b) and Benedetti-Fasil, Sedláček and Sterk
(2020c) in their analysis of the impact of COVID-19 on employment in EU Member
States. Moreover, they conforms with other evidence that equilibrium dampening
effects may not be that strong. For instance, Sedláček (forthcoming) shows that a
search and matching model with heterogeneous firms displays relatively weak equi-
librium dampening effects. In a recession, the slack labour market (increasing the
chances of hiring and reducing wages) is not a strong enough force to overturn the
impact of a missing generation of start-ups. In any case, the tool allows to choose
different elasticities according to the labour market structure of the EU Member State
considered.

Finally, we note that if a scenario is based on empirical observations for average size
of young firms (for the start-up growth potential margin), then it may be important
to account for the fact that this number itself is subject to equilibrium dampening.
Therefore, the true change in growth potential might be larger than what the data
suggest. To do so, we use Equation (1), but this time aggregated over only start-
ups, as opposed to all firms.8 Using Equation (2) to substitute out the wage and
rearranging, we obtain the following expression for start-up growth potential:

d lnχstart−up = d lnN start−up − d lnM start−up︸ ︷︷ ︸
avg start-up size

− κεnwd lnN︸ ︷︷ ︸
equil. adjustment

.

8This gives d lnNstart−up = d lnMstart−up + d lnχstart−up + εnw lnw.



On the right hand side, the first two terms jointly are the change in average start-up
size. From this one subtracts the κεnw times the change in aggregate employment in
order to obtain the change in the growth potential of start-ups.9
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