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Abstract

We investigate the effect of the UK’s “Eat Out to Help Out" policy on firm cre-

ation. The policy subsidised people to eat-out at participating restaurants for a pe-

riod over the COVID-19 pandemic. We find that the policy caused a 5.6% increase

in business registrations in areas with participating restaurants. The increase is

largest in high-street service activities such as ‘hairdressing and other beauty treat-

ment’. We interpret this as evidence of a demand stimulus in one sector, leading to

anticipated demand increases in geographically-close sectors, and consequently a

supply increase as measured by firm creation.
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1 Introduction

Motivation

Did subsidising UK restaurants during the COVID-19 pandemic stimulate economic

activity in other sectors of the economy? We study this question by analysing whether

business creation increased in areas of the UK where there was greater participation in

the Eat Out To Help Out (EOTHO) scheme. The EOTHO scheme was a policy to sub-

sidise restaurants during the pandemic. Business creation is an important indicator of

economic performance because new firms hire workers, innovate and increase competi-

tion among incumbent firms; in turn, these factors improve productivity and economic

growth.

Methodology & Data

We first present a descriptive analysis showing that trends in firm creation in EOTHO

postcode areas and other areas were significantly different after the announcement of

the policy. We then use a difference in differences (DID) analysis to establish a causal

argument that the EOTHO policy caused an increase in firm creation. The method

compares firm creation in a treatment group (postcodes with subsidised restaurants)

to a control group (postcodes without subsidised restaurants). For data, we use the

Companies House register of all UK firm registrations and we match this with HMRC

data on restaurants participating in the EOTHO scheme.

Findings

We find that the EOTHO subsidy caused an increase in firm creation. Specifically, if a

postcode area had more subsidised restaurants, then that area had greater firm creation

than areas (identical in all other characteristics) that had fewer subsidised restaurants.

We estimate that the average treatment effect of the scheme on business registrations is

5.6%. This means that an area with a subsidised restaurant would experience 5.6%more

firm creation over the EOTHO period, than if it did not have a subsidised restaurant.

To give some context, consider the following approximations. Average weekly firm

creation in a (NUTS 3) region is 79 firms. Hence, in the presence of the subsidy four

(5.6%) extra firms would be created. Over the 4 weeks of the scheme, that is an addi-

tional 16 firms in that region. Since there are 179 regions in total, then across the whole
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economy an additional 2,864 firms would be registered due to the policy over the entire

EOTHO period.

In addition to aggregate results, we explore which sectors caused the increase in

firm creation. We find that the SIC 2-digit sector “Other Service Activities", which in-

cludes high-street businesses, experienced the largest significant effect. Specifically,

most of these registrations were in the 4-digit SIC class 9602 (“Hairdressing and other

beauty treatment”) which includes hair washing, trimming and cutting, setting, dye-

ing, tinting, waving, straightening and similar activities for men and women; shaving

and beard trimming; and facial massage, manicure and pedicure, make-up etc. and

the 4-digit SIC class 9609 (“Other personal service activities not elsewhere classified”)

which includes astrological and spiritualists’ activities; social activities such as escort

services, dating services, services of marriage bureau; pet care services such as boarding,

grooming, sitting and training pets; genealogical organisations; activities of tattooing

and piercing studios; shoe shiners, porters, valet car parkers etc.; concession operation

of coin-operated personal service machines.

Lastly, we find that the increase in firm creation is greatest after the policy an-

nouncement (8th July 2020) but before the schemewas implemented (3rd August 2020),

though a positive effect remains for the duration of the scheme. This suggests that

the spillover to firm creation in other sectors was driven by entrepreneurs’ expecta-

tions of the scheme’s effects. That is, immediately after the scheme was announced en-

trepreneurs began the process of setting-up companies to benefit from spillover effects
from the subsidy once it was live.

Related Literature

This paper contributes to two strands of the literature: both the evaluation of the

EOTHO policy per se and the geographic spillovers of fiscal stimulus. It is also closely

related to overall importance of firm creation in the economy.

First, González-Pampillón, Nunez-Chaim, and Ziegler (2021) and Fetzer (2022) study

the effect of the EOTHO scheme on footfall, job postings and COVID-19 infection

rates. Both find a temporary increase in restaurant visits during the scheme. González-

Pampillón, Nunez-Chaim, and Ziegler (2021) show increased recruitment activity in the

sector, while Fetzer (2022) proposes a link to increased cases of COVID-19. To the best

of our knowledge, our paper is the first to study the effects of the scheme on economic

activity in other sectors of the economy.
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Second, firm creation is an essential part of economic activity. New businesses pro-

duce, innovate, create job opportunities and compete (Haltiwanger 2022). Bahaj, Piton,

and Savagar (2022) show that firm creation boomed during COVID in the UK, and the

firms that were created led to an increase in job postings. Lychagin, Pinkse, Slade, and

Van Reenen (2016) explain that new businesses contribute to productivity and in turn

growth through local spillovers, but also at a national level. The literature finds strong

association between firm birth, job creation and employment changes for the UK (e.g.

Decker, Haltiwanger, R. Jarmin, and Miranda (2014), Mueller, André Van Stel, and D. J.

Storey (2008), Adriaan Van Stel andD. Storey (2004), and Ashcroft and Love (1996)) and

other European economies (e.g. Davidsson, Lindmark, and Olofsson (1994)). Mueller,

André Van Stel, and D. J. Storey (2008) find that new firms replace inefficient incum-

bent firms. Anyadike-Danes, Hart, and Du (2015) and Haltiwanger, R. S. Jarmin, and

Miranda (2013) show that small, young firms, which account for a small fraction of

businesses, contribute to significant job creation in the UK and US. Recently, Walsh

(2019) explains that new businesses play an important role in the growth of local areas

and their long-term employment changes. Our paper finds that EOTHO causes geo-

graphic spillovers in firm creation supporting the economic activity of city centres.

Our natural experiment during the COVID-19 pandemic overcomes the perennial

endogeneity problem in evaluating regional fiscal policy. Brülhart and Simpson (2018)

stress that areas may receive policy treatment because they are ex-ante successful, for

example through lobbying, or they may become successful through policy treatment.

We avoid this reverse-causality because the scheme was open to all restaurants in the

UK, and policy was implemented because of the adverse effect that lockdown was hav-

ing on hospitality.

Roadmap

The rest of the paper is structured as follows. Section 2 discusses the policy context of

the Eat Out To Help Out Scheme. Section 3 describes our data, while section 4 outlines

the descriptive statistics. Section 5 outlines our methodology, including our identifi-

cation strategy and difference-in-differences approach. Sections 6 and 7 outline our

results and discuss the mechanisms behind them.
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2 Policy Background

The EOTHO scheme was eligible to UK establishments, licensed to sell food on or be-

fore July 7th. Once registered, establishments were permitted to offer a 50% discount

on food and non-alcoholic drinks up to £10 per diner. Subsequently, the establish-

ment could claim back this amount from the government. The discount was available

on Mondays, Tuesdays and Wednesdays between August 3-31st, 2020. It applied only

to meals eaten on the premises (i.e. excluding take-away meals or catering for pri-

vate functions). The scheme was announced to Parliament on July 8th (Hansard 2020).

Figure 1 illustrates the timeline of the EOTHO and the key dates we consider in our

analysis.

01.06.2020 08.07.2020 01.08.2020 01.09.2020

Start of our sample
EOTHO announcement

EOTHO

End of our sample

Dates

Figure 1: Timeline of EOTHO
Source: Authors’ illustration

The EOTHO policy was intended to support 130,000 businesses and 1.8 million

jobs by subsidising consumers to eat-out in qualifying restaurants and food service

establishments. The scheme was expected to cost £500 million (HM Treasury 2020).

In comparison with these stated objectives, over 63,000 establishments registered and

around 49,000 businesses made claims through the scheme. Collectively they claimed

£849 million for over 160 million meals (HMRC 2020).

Other Policy Announcements on the Same Day

On July 8 2020 the UK government announced a £30bn spending package aimed at

mitigating the economic impact of the COVID-19 pandemic. The announcement in-

cluded a temporary reduction in VAT for the hospitality sector, the Eat Out to Help Out
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scheme, a scheme to pay firms £1,000 for each employee brought back from furlough,

a scheme to get young people into employment, a temporary rise in the stamp duty

threshold (rise in house sale value in order to qualify for property tax) and support for

green home investments. On July 9 2020 the UK government announced that gyms,

indoor pools and leisure centres would be reopened on July 25th 2020. Full details of

the July 8 policy announcements is available here: https://www.parliament.uk/busi-

ness/news/2020/july/summer-economic-update/. A timeline of UK policy announce-

ments are available here (Wikipedia contributors 2022).

3 Data

Our main data source is the the Companies House register which contains a record of

all limited liability companies incorporated in the UK.1 Registering with Companies

House is the first step in forming a company in the UK. The majority of registrations

are online which costs £12. The process is automated and it takes roughly 24 hours

for the registration to be recorded. There were no disruptions to the service due to

lockdown policies. The register lists details of all active companies, including the date

of registration, postcode and 5-digit Standard Industrial Classification (SIC) code (e.g.

“95250 - Repair of watches, clocks and jewellery”). We focus on a subset of the full

register: all companies incorporated between 01/06/20 and 31/08/20. Throughout

our analysis ‘postcode’, refers to the 5- to 7-digit postcode (e.g. CT2 7FS). In the UK

a postcode represents on average 15 postal delivery addresses, and it can include 100

postal delivery addresses. Appendix C describes our matching of postcodes between

the two data sources.

In addition to this data from Companies House, we add an indicator variable to

each firm registration to indicate whether the postcode is an EOTHO postcode or not.

We classify whether a postcode is an EOTHO postcode from an HMRC dataset of par-

ticipating restaurants (https://github.com/hmrc/eat-out-to-help-out-establishments).

Postcodes that include at least one outlet that participates in the scheme are identified

as “EOTHO postcode". In addition to a binary, zero-one, indicator, we also construct a

1The name of the dataset is “Basic Company data". We use the dataset from October 2020 to include all
active business in the period of interest. This can be found in the project repository or via the National
Archives here. Using this particular register release, we eliminate concerns for companies dissolutions
that could be in our sample and are out of the register. The pandemic did not cause any data collection
disruption in terms of registrations for the Companies House.
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continuous variable for “EOTHO intensity". This variable is higher when there are more

registered EOTHO establishments in the postcode area. For example, a rural postcode

might have one food establishment registered to EOTHO and it will receive a smaller

value than a metropolitan postcode with ten food establishments registered to EOTHO.

4 Descriptive statistics

Our data is a panel structure of postcode unit (k) by week (w) by industry, either 2-digit

(2d) or 5-digit (5d). For context, in the UK there are roughly 1.8m postcode units, 729

5-digit or 88 2-digit SIC (2007) sectors and our sample is taken over 14 weeks. During

the period we analyse, there are company registrations over all 14 weeks, in 128,665

different postcodes and across 717 5-digit SIC. Therefore 7% of all UK postcodes ob-

serve firm registrations and 98% of 5-digit industries observe at least one registration

over the sample period.

4.1 Treatment and Control Sub-sample Analysis

Table 1 presents total company registrations for various sub-samples of the data. There

are 225,749 firm registrations over the full sample (01/06/20 - 31/08/20). Once we

have assigned an EOTHO indicator variable to each registration in the full dataset of

firm creations, we find that 36,972 registrations (16.4%) were created in EOTHO post-

codes, whereas 188,777 registrations (83.6%) were created in non-EOTHO postcodes

over the full period. Before the government announcement (01/06/20 - 07/07/20),

15,510 registrations (16.1%) were created in EOTHO areas, whereas 80,872 registra-

tions (83.9%) were created in non-EOTHO areas out of 96,382 total registrations. Af-

ter the government announcement (08/07/20 - 31/08/20), 21,462 registrations (16.6%)

were created in EOTHO areas, whereas 107,905 registrations (83.4%) were created in

non-EOTHO areas out of 129,367 total registrations.
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Table 1: Total Company Registrations, by Subsamples

Pre & Post Pre Post

EOTHO & Non-EOTHO 225,749 96,382 129,367

EOTHO 36,972 15,510 21,462

Non-EOTHO 188,777 80,872 107,905
Pre-announcement is the period between 2020-06-01–2020-07-07. Post-announcement is the period

between 2020-07-08–2020-08-31.

Source: Authors’ calculations based on Companies House data

4.2 Distributional Statistics for Different Levels of Aggregation

Table 2 presents distributional statistics for different groupings of the data. For ex-

ample, if we group the data by week, thus pooling together all sectors and postcodes,

then there are only 14 observations, one for each week of the sample, and the aver-

age registrations each week is 16,967. If we analyse a more granular grouping, such

as registrations by postcode, week, 5-digit sector we observe 198,357 data points with

an average registration at each postcode-week-5d sector observation of 1.14. In our re-

gression analysis we aggregate the 5-digit sectors to 2-digit SIC. We observe 89 2-digit

sectors, even though there is only 88 2-digit sectors in total because we add an NA cat-

egory. Therefore there is at least one registration in every 2-digit sector over the sample

period, and we also observe registrations in NA. In all cases the mean exceeds the me-

dian indicating a positive skew (long right-hand tail) of the distribution of registrations

across observations.
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Table 2: Registrations Grouped at Different Levels of Aggregation, Full Sample

Mean SD p10 p50 p90 min max No. Obs.

Registrationsw 16,125 3,632.23 13,043 16,981 18,520 5,177 19,533 14

Registrationsk 1.76 29.35 1 1 2 1 7,604 128,665

Registrationsk,w 1.32 7.1 1 1 1 1 699 170,624

5-digit
Registrations5d 314.9 921.11 4 57.0 624.8 1 11,270 717

Registrationsw,5d 28.64 75.64 1 7 62 1 998 7,882

Registrationsk,5d 1.25 5.2 1 1 1 1 964 180,730

Registrationsk,w,5d 1.14 1.76 1 1 1 1 212 198,357

2-digit
Registrations2d 2,537 4,522.9 70.8 708 7,448.6 3 28,802 89

Registrationsw,2d 185 343.8 5 54 552 1 2,633 1,223

Registrationsk,2d 1.32 7.55 1 1 1 1 1,743 171,588

Registrationsk,w,2d 1.18 2.26 1 1 1 1 212 191,001
Note: k stands for postcode unit; w stands for week.

Source: Authors’ calculations based on Companies House data

In Appendix A we present the Table 2 results for different subsamples of the data.

This provides information on registrations by week, postcode and sector for EOTHO

postcodes, Non-EOTHOpostcodes, pre-announcement, post-announcement and all com-

binations of these groups (e.g. EOTHO postcodes pre-announcement).

4.3 ComparingRegistrations in EOTHOPostcodeswithAll Postcodes

Before conducting our difference-in-differences analysis to establish a causal relation-

ship between EOTHO and firm creation, we ask whether EOTHO areas experienced

different behaviour in firm creation before and after the policy announcement.

We define EOTHO postcodes as postcodes that include at least one restaurant par-

ticipating in the EOTHO scheme. We define the relative difference as the difference of

ratio of registrations from 2019 to 2020 in EOTHO postcodes minus the ratio of regis-

trations from 2019 to 2020 in all postcodes. Using the ratio of 2020 to 2019 mitigates

seasonal effects.

Relative differencew =
(
EOTHO postcodes 2020w
EOTHO postcodes 2019w

)
−
(
All postcodes 2020w
All postcodes 2019w

)
9



For example, if the growth (ratio) of registrations in week 30 is 1.5 in EOTHO postcodes

and it is 1.2 in all postcodes, then the relative difference in week 30 is 0.3. In other

words, there is a 30 percentage point difference in the growth rate of registrations in

EOTHO compared to all postcodes.

4.3.1 Aggregate Analysis

Figure 2 shows that EOTHO postcodes and all postcodes observed similar levels of firm

creation prior to the announcement. However, after the announcement there is a clear

divergence in trends: EOTHO postcodes observe more firm creation than all postcodes.

22 24 26 28 30 32 34 36
0.5

1

1.5

2
EOTHOAnnouncement

Week of Year

R
at
io

of
re
gi
st
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ti
on

s

All postcodes
EOTHO postcodes

Figure 2: Ratio of 2020 to 2019 Registrations (excluding hospitality)

Figure 3 plots the relative difference for each week. It always exceeds zero and

fluctuates around roughly 0.2. This implies that growth in registrations from 2019 to

2020 was always higher in EOTHO areas than all areas and usually by 20%. There is

a noticeable rise to nearly 40% after the announcement of the EOTHO policy. Between

the announcement and start of the scheme registrations are 20.7% higher in EOTHO

postcodes relative to the same week in 2019 (95% confidence interval: 15.52 - 26.29%).

During the scheme itself, this is lower but still significant, at 13.1% (95% confidence

interval: 7.82 – 16.42%). To establish confidence intervals, we use a Monte Carlo-

based bootstrapping algorithm. Full details are given in appendix D. We must note

that in the month prior to the announcement, the relative difference is 16.5% (95% con-

fidence interval: 10.19 – 22.67%) and since the confidence intervals overlap we cannot
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say whether there is a significant difference between the periods. Therefore we must

rely on difference-in-difference analysis to identify a causal link with the scheme.

EOTHOAnnouncement

22 24 26 28 30 32 34 36

−0.4

−0.2

0

0.2

0.4

Week of Year

R
el
at
iv
e
d
iff
er
en

ce

Figure 3: Difference between EOTHO and All postcodes (excluding hospitality)

4.3.2 Sectoral Analysis

Figure 4 shows the relative difference between EOTHO postcodes and all postcodes, be-

tween the announcement and start of the scheme, for each (SIC 1-digit) sector. It also

shows the 95% confidence interval to indicate whether the relative difference is statis-

tically significantly different from zero. The figure suggests that the effect is significant
and positive in eight sectors.
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Figure 4: Relative difference post-announcement by 1-digit sector; excl. hospitality
Note: Points shows the difference between the ratio of registrations in EOTHO postcodes and all

postcodes. Lines show the 95% confidence intervals. At the 95% level mining, agriculture, water, public,

home, education, and energy are not significantly different from zero.

Source: Authors’ calculation

Figure 5 shows the time series behaviour of registrations in EOTHO postcodes and

all postcodes for different sectors. The clearest sectoral effect of EOTHO is on “Other

service activities", which includes high street businesses such as Hairdressing and other

beauty treatment (SIC 9602). In this sector, there is a clear increase in firm creation

after the announcements of EOTHO relative to all postcodes.
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Figure 5: Ratio of new registrations by 1-digit sector
Note: Vertical line shows date of announcement. Shaded area is the EOTHO period. We report sectors

with statistically significant relative differences after the announcement.
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5 Methodology

5.1 Identification

Our identification strategy classifies as treated those postcodes that were affected di-

rectly by the policy. The source of exogenous variation is that EOTHO postcode areas

received a fiscal stimulus to restaurant establishments within the area whereas Non-

EOTHO areas did not receive a stimulus to any establishments in their area. We con-

sider the assignment to the treatment group (EOTHO postcodes) as opposed to cont We

discuss this next.

There are two criteria that must be satisfied for a valid DID analysis. These are the

parallel trend assumption and conditional independence assumption. These assumptions

ensure that the control group is a good counterfactual for the treatment group. In our

context, the parallel trend assumption asserts that in the absence of the EOTHO policy,

areas with subsidised restaurants and areas with no subsidised restaurants would have

observed similar trends in firm creation. The conditional independence assumption

asserts that the subsidy was not targeted at areas based on their firm creation (or another

variable closely correlated with firm creation). We present formal robustness analysis

to show that our parallel trend assumption is valid. And, we rely on the design of the

policy – being aimed at supporting the hospitality sector – to alleviate concerns about

the conditional independence assumption. In other words, the policy was not aimed at

hospitality because of its poor firm creation or something closely correlated with this

– which would invalidate our method – instead the policy was aimed at hospitality to

protect jobs and increase demand due to lockdown policies which affected the sector

acutely.

We analyse two specifications of the treatment variable. First, a binary measure

which classifies a postcode as 1 if it has at least one EOTHO registered establishment in

it and 0 if no registered EOTHO establishments are in the postcode. Second, a contin-

uous ‘intensity’ measure of the treatment which captures that some EOTHO postcode

areas have more than one registered EOTHO establishment, for example part of a high-

street that shares the same ‘postcode unit’.2 From the HMRC register, we count how

many outlets participate in a given postcode. We then construct an intensity measure,

2A postcode unit is the most granular form of postcode in the UK, on average corresponding to 15 let-
terboxes. It usually represents a street, part of a street, a single address, a group of properties, a single
property, a sub-section of the property, an individual organisation or a subsection of the organisation.
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normalised using the min-max method. Formally, the normalised intensity treatment

is a measure between [0, 1] and is calculated as:

Treatment intensityk =
xk −min(x)

max(x)−min(x)
=

xk
19

(1)

where x is the number of outlets participating in EOTHO. The second equality uses

that the postcode with the most EOTHO registrations is nineteen (max(x) = 19) and the

postcode with the least number of EOTHO registrations is zero (min(x) = 0). The vari-

able equals to zero if there are no restaurants participating in the scheme in postcode

k, therefore xk = 0. The variable equals 1 for the postcode area with the most EOTHO

registrations, xk = max(x). The average value of the intensity variable is 0.01048 (s.d.

0.0324). Appendix E presents a frequency table with the number of postcodes with zero

through to nineteen EOTHO registrations. There are 128,665 postcodes in total. The

vast majority (120,000) of total postcodes have no EOTHO registrations, followed by

6,048 postcodes with one EOTHO registrations, and 1,627 postcodes with two EOTHO

registrations, then a gradual decline to one postcode with 19 EOTHO registrations.

5.2 Difference-in-differences approach

We investigate the effect of the EOTHO scheme on the company registrations in any sec-

tor apart fromAccommodation and Food services sector using a difference-in-differences
approach. We rely on (i) the timing of the announcement of the policy and (ii) the com-

plete postcodes of business registrations.

Our difference-in-differences estimates come from the following regression

ln(registrations)k,w,2d = β1EOTHO postcodek,w,2d + β2EOTHO periodw

+ β3
(
EOTHO postcodek,w,2d ×EOTHO periodw

)
+ ηw +γk + δ2d + (ηw ×γk) + (ηw × δ2d) + (δ2d ×γk) + (ηw × δ2d ×γk)

+ϕTt,2d +ϑ(χi × ηw) +uk,w,2d (2)

where ln(registrations)k,w,2d is the natural log of company registrations in postcode k,

week w and 2-digit SIC code 2d. EOTHO postcode defines the treatment. It receives a

value equal to 1 if the company’s registered complete postcode is in a postcode where

there is at least one outlet that participates in the EOTHO; 0 otherwise. EOTHO period
regards the post-treatment period. It receives value equal to 1 if the registration occurs
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between Aug 3, 2020 - Aug 31, 2020; 0 otherwise.

To estimate the effect using the intensity measure, we replace the EOTHO postcode
variable in equation 2 to the measure calculated in equation 1.

We include week fixed effects (ηw) to account for time-varying factors common to all

regions; regional fixed effects (γk) to consider any time-invariant unobservable factors

at NUTS 3 level regions; and, sector fixed effects (δ2d) to account for time-invariant

unobservable factors at 2-digit SIC sectors. Their interaction terms account for any

effects taking place in more than one level. The week-postcode effect (ηw ×γk) controls
for shocks that hit a postcode in a particular week, across all sectors (e.g. a localized

weather event). The week-sector effect (ηw × δ2d) controls for any shock that hits a

particular sector in a particular week, across all postcodes (e.g. seasonal industries).

The sector-postcode effect (δ2d ×γk) controls for effects that are constant in a sector at a

postcode, across all weeks (e.g. fraudulent activity where a postcode is used to register

a large numbers of businesses in a specific sector each week).

The EOTHO period coincided with a temporary VAT cut from 20% to 5% on various

hospitality sectors including food and non-alcoholic drinks; hotels & accommodation

and some attractions: https://www.gov.uk/guidance/vat-reduced-rate-for-hospitality-

holiday-accommodation-and-attractions. The reduced VAT rate for qualifying sectors

initially ran from 15 July 2020 to 30 September 2021, but was extended until 31 March

2021). Fixed effects account for this policy which ran parallel to EOTHO but affected a

wider number of sectors and postcodes, and for a longer time period. This policy shock

affects a subset of sectors (i.e. hospitality sector broadly not only food & restaurants),

across all weeks post-announcement, and across all regions with qualifying businesses.

Hence it will be accounted for in sector-week effects.
We include a linear daily time trend (Tt,2d) for pre-announcement time periods for

each NUTS 3 region. This controls for business creation time-trends across different
regions, prior to the policy announcement. We include a population week interaction

variable (χi×ηw). The variable χi is the natural log of district i population. This controls

for weekly changes in population in different areas, and could capture the effect of

lockdowns.
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6 Results

To establish a causal relationship between the scheme and the firm creation we re-

port the estimates from the difference-in-differences approach we followed. Appendix

F shows the parallel trends before the implementation of EOTHO. In the absence of

EOTHO scheme, we calculate that 0.12 natural log points (or 1.3 per day) fewer compa-

nies would have been created. Table 3 reports estimates of difference-in-differences co-
efficient of interest (β3), i.e. treated (in EOTHO postcode) × EOTHO period. It captures

the effect of the EOTHO scheme on firm creation in the period when the programme

was taking place in August 2020.

Table 3: Estimates of EOTHO on company registrations

Dependent variable: Natural log of incorporations

(1) (2) (3) (4) (5) (6)

Treated (in EOTHO postcode) 0.0495 *** 0.0495 *** 0.0494 *** 0.0494 ***

(0.0016) (0.0016) (0.0016) (0.0016)

Treated × post-EOTHO 0.0067 ** 0.0066 ** 0.0065 ** 0.0065 **

(0.0030) (0.0030) (0.0030) (0.0030)

Treated (intensity) 0.2261 *** 0.2263 ***

(0.0167) (0.0167)

Treated (intensity) × post-EOTHO 0.0728 ** 0.0726 **

(0.0321) (0.0321)

Baseline FE Yes Yes Yes Yes Yes Yes

Pre-treatment trend No Yes No Yes No Yes

χi × ηw No No Yes Yes Yes Yes

Observations 206420 206420 206313 206313 206313 206313

R squared 0.0627 0.0627 0.0629 0.0630 0.0582 0.0583

*** p < 0.01; ** p < 0.05; * p < 0.1.

Note: Estimates for the natural logarithm of the company registrations. Baseline fixed effects refer to
fixed effect for the week, NUTS3, 2-digit SIC code and their interaction. Robust standard errors in

parentheses.

Source: Authors’ calculation

We report 6 specifications, in which we add gradually controls and the linear pre-

treatment trend. The common feature of all reported specifications is the baseline fixed

effects. They refer to the fixed effects for the week, NUTS3 regions and 2-digit SIC

codes, and their interaction. Treated are all registrations occurred in postcodes with at

least one participating outlet in the scheme. We see the effect is statistically significant.

In the treated postcodes 5.6% more registrations take place than in non-treated post-

codes over the entire period. Looking at the coefficient of our interest, we report the
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difference between before and after EOTHO, given the treatment. Alternatively, 0.7%

is the effect of increased generosity affecting postcodes with at least one participating

outlet during the period when the scheme was live. The significance drops at 5%. This

may come from the fact that in some sectors most of the registrations occurred before

the start (August 3rd), but after the announcement (July 8th), of the scheme. The aver-

age marginal (treatment) effect of the scheme is 5.6%. This means that EOTHO caused

a 5.6% increase in firm creation during the period it took place. Translating this effect
in terms of number of business registrations, 2,864 registrations would not have taken

place if it was not for EOTHO.

Specifications (5) and (6) show the effect using the intensity treatment measure. Ar-

eas that include an additional outlet participating in the scheme increase the number

of registrations in non-hospitality sectors by 28%. Busier metropolitan areas, which

have more concentrated hospitality activity, are more likely to observe spillover effects.
These areas observe an 8.2% effect when the EOTHO scheme takes place.

Figure 6 pools the effect by 2-digit SIC sector and illustrates only the results for

the statistically significant sectors. In terms of the magnitude of the effect, the “Other

personal service activities", which include hairdressers and beauty salons businesses,

observe the greatest effect, whereas “Wholesale trade“ notices the smallest effect.
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Other personal services
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Management consultancy

Extraterritorial
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Real estate

Construction
Retail

Wholesale

Coefficient: Treated (intensity)

Figure 6: Coefficient plot pooled by 2-digit sector
Note: Points shows the coefficient of the interaction between the treatment intensity variable and 2-digit

SIC sectors. Lines show the 95% confidence intervals. Labels are abbreviated from: Other personal

service activities; Computer programming, consultancy and related activities; Postal and courier

activities; Activities of head offices and management consultancy activities; Activities of extraterritorial

organisations and bodies; Advertising and market research; Real estate activities; Construction of

buildings; Retail trade, except of motor vehicles and motorcycles; Wholesale trade, except of motor

vehicles and motorcycle.

Figure 7 plots the predicted values of the natural logarithm of business registrations

against treatment intensity variable by sector. It shows how the effect plotted in figure

6 changes as the intensity of the treatment changes. For example, in the ‘Other personal

services activities’ sector, during the EOTHO period, for the median treated postcodes,

it yields around 0.42 log points of registrations (or 3.74 firms weekly).
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Figure 7: Fitted values of natural log of business registrations against the treatment
(intensity) by 2-digit sector
Note: Labels are abbreviated from: Other personal service activities; Wholesale trade, except of motor

vehicles and motorcycle; Retail trade, except of motor vehicles and motorcycles; Postal and courier

activities; Computer programming, consultancy and related activities; Real estate activities; Activities of

head offices and management consultancy activities; Advertising and market research; Construction of

buildings; Activities of extraterritorial organisations and bodies.
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7 Discussion

7.1 Discussion of mechanisms

We identify an answer to the question: What was the effect of EOTHO on firm cre-

ation? We find that the announcement of EOTHO caused an increase in registrations

that would not have happened in the absence of EOTHO. A further question is: How
did EOTHO affect firm creation? This focuses on the channels through which firm cre-

ation increased and would be much harder to identify. Although we do not attempt to

provide a strict identification of the channels increasing firm creation, we provide some

possible hypotheses and suggestive evidence.

1. Geographic spillover: People visit areas where establishments participate to EOTHO

and subsequently use nearby amenities. Our evidence of Google trends in people

searching how to setup beauty salons is supportive of this mechanism.

2. Fiscal multiplier: People employed in the hospitality sector have an increase in

income due to EOTHO. This could cause a spillover effect to other industries

through the geographic argument in point 1. That is, furloughed hospitality em-

ployees return from the suburbs to metropolitan areas. In terms of a wider fiscal

multiplier effect, González-Pampillón, Nunez-Chaim, and Ziegler (2021) observe

a 7-14% increase in job posts in the hospitality sector which suggests some stim-

ulus which could lead to a general multiplier. However, in our analysis, if the

multiplier effect was correct, greater demand in the restaurant industry would

have increased wages and jobs and raised firm creation in general. We observe

statistically significant greater firm creation in EOTHO postcodes rather than a

blanket increase.

3. Signalling: We could interpret EOTHO to have a positive effect on expectations.

The EOTHO announcement may signal to people that lockdown restrictions will

be easing in the future. Consequently, EOTHO announcement causes people to

create businesses. Specifically, entrepreneurs create businesses in EOTHO loca-

tions because they believe those will see a sharper increase in demand given the

increased footfall. González-Pampillón, Nunez-Chaim, and Ziegler (2021) esti-

mate that footfall increased by 5%- 6% on those days the discount was available.
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4. Other policies: Other policies at the same time as EOTHO that encouraged firm

creation could include, for example, local authority discretionary grants. Because

we study EOTHO locations specifically, this should rule out blanket policies that

could have affected both EOTHO and non-EOTHO locations at the same time.

Finally, to alleviate any concern, in our difference-in-differences analysis, we use

controls for time-variant trends across locations to account for local shocks or

alternative policies.

Our discussion suggests that a plausible mechanism is that EOTHO worked as a sig-

nalling mechanism to businesses and entrepreneurs, leading them to create firms in

EOTHO areas in anticipation of geographic spillover effects from the scheme.

7.2 Discussion of Broader Relevance

The UK government introduced a policy to alleviate the economic effect of the pandemic

shock in the hospitality industry, but this had broader implications for geographically

close industries, and more generally economists’ and policymakers’ understanding of

regionally targeted fiscal policy. We find that the EOTHO impact was concentrated

in areas geographically close to participating establishments. First, our findings are

related to work in economic geography and entrepreneurship stressing the path depen-
dency of entrepreneurship, rather than path creation (Hassink, Isaksen, and Trippl 2019;

Corradini and Vanino 2022). That is, firm entry due to EOTHO occurred in already

well-established industries, as opposed to stimulating new sectors on the high street.

Second, we observe that the effect is greater in metropolitan than non-metropolitan

areas. This suggests an improvement of the city-centre economy as whole, relative to the

counterfactual that there were no policy intervention. Swinney and Sivaev 2013 study

the importance of spillovers from city centres to wider metropolitan areas in a UK con-

text, and stress the importance for city economies to their local regions. Given their

hypothesis, our finding of strong metropolitan effects is suggestive of broader regional
benefits in the future. Additionally, there is significant evidence that firm creation in

specific geographic regions has positive effects on productivity and growth (e.g. Ly-

chagin, Pinkse, Slade, and Van Reenen (2016) and Walsh (2019)). Given that the UK

economy has weak productivity and growth (a so-called ‘productivity puzzle’), the un-

intended consequence of the EOTHO policy on broader firm creation may have had

some additional positive effects.
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8 Conclusions

In this paper, we investigate the effect of the “Eat Out to Help Out" scheme on firm cre-

ation in the UK. We estimate the effect using a difference-in-differences methodology.

Our results show that more companies were established in areas with more restaurants

participating in the EOTHO scheme. We estimate that an additional 2,864 companies

were created as a result of EOTHO. In other words, the average treatment effect of

EOTHO on firm creation is 5.6%. Using a measure that declares the intensity over the

treatment, we estimate an effect of 29.89% of EOTHO on firm creation. It seems un-

reasonable to expect that close proximity to participating establishments would affect
firm creation in all sectors equally. The sector with the most significant positive effect is
‘Other service activities’. This sector includes many high-street businesses. It suggests

a geographic spillover in EOTHO locations. This result is robust using both treatment

identification tools.
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Online Supplement

A Descriptive Statistics

Table A.1: Index of Descriptive Statistics Tables for Sub-samples of the Data

All postcodes EOTHO postcodes N-EOTHO postcodes

All time periods Table 2 Table A.2 Table A.3

Pre-announcement Table A.4 Table A.6 Table A.7

Post-announcement Table A.5 Table A.8 Table A.9

In tables A.2 to A.9 we present descriptive statistics on registrations for different sub-
samples of the data. Table A.1 shows the subsamples of interest. They allow us to

compare the behaviour of registrations for EOTHO and Non-EOTHO areas both pre-

and post- the policy announcement.

Table A.2: Registrations Grouped at Different Levels of Aggregation, EOTHO postcodes

Mean SD p10 p50 p90 min max No. Obs.

Registrationsw 2,641 603.60 2,072 2,859 2,068 852 2,151 14

Registrationsk 4.27 103.61 1 1 4 1 7,604 8,665

Registrationsk,w 2.37 21.21 1 1 2 1 699 15,574

5-digit
Registrations5d 57.86 174.65 1 11 108.2 1 1,939 639

Registrationsw,5d 7.36 17.09 1 2 15 1 299 5,024

Registrationsk,5d 2.01 13.34 1 1 2 1 964 18,397

Registrationsk,w,5d 1.5 3.54 1 1 2 1 212 24,717

2-digit
Registrations2d 415.4 816.65 13 113 1,090.4 1 4,987 89

Registrationsw,2d 33.37 63.32 1 10 88.3 1 448 1,108

Registrationsk,2d 2.32 21.66 1 1 2 1 1,743 15,920

Registrationsk,w,2d 1.77 5.42 1 1 2 1 212 20,864
Note: k stands for postcode unit; w stands for week.

Source: Authors’ calculations based on Companies House data
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Table A.3: Registrations Grouped at Different Levels of Aggregation, non-EOTHO post-
codes

Mean SD p10 p50 p90 min max No. Obs.

Registrationsw 13,484 3,036.83 10,959.3 14,095 15,601.3 4,325 16,382 14

Registrationsk 1.57 12.17 1 1 2 1 3,417 120,000

Registrationsk,w 1.22 3.19 1 1 1 1 316 155,050

5-digit
Registrations5d 266.3 769.79 4 48 550.4 1 9,353 709

Registrationsw,5d 24.78 63.87 1 6 56 1 825 7,618

Registrationsk,5d 1.16 3.13 1 1 1 1 564 162,333

Registrationsk,w,5d 1.09 1.32 1 1 1 1 201 173,640

2-digit
Registrations2d 2,121 3,740.29 54.2 594 6,519.8 2 23,815 89

Registrationsw,2d 155.5 277.46 4 46 485.1 1 2,224 1,214

Registrationsk,2d 1.21 3.84 1 1 1 1 678 155,668

Registrationsk,w,2d 1.11 1.44 1 1 1 1 201 170,137
Note: k stands for postcode unit; w stands for week.

Source: Authors’ calculations based on Companies House data
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Table A.4: Registrations Grouped at Different Levels of Aggregation, pre-
announcement all postcodes

Mean SD p10 p50 p90 min max No. Obs.

Registrationsw 16,064 5,439.2 10,726 18,435 19,030 5,177 19,533 6

Registrationsk 1.54 18.43 1 1 2 1 3,295 62,489

Registrationsk,w 1.32 7.36 1 1 1 1 699 72,877

5-digit
Registrations5d 140.5 403.59 2 28 301.5 1 5,029 686

Registrationsw,5d 28.75 77.94 1 6 61.8 1 998 3,353

Registrationsk,5d 1.21 3.57 1 1 1 1 433 79,953

Registrationsk,w,5d 1.14 1.77 1 1 1 1 201 84,669

2-digit
Registrations2d 1,083 1,959.6 30.6 302 3,261 2 12,856 89

Registrationsw,2d 183.6 347.24 5 52 541.8 1 2,633 525

Registrationsk,2d 1.26 5.06 1 1 1 1 767 76,541

Registrationsk,w,2d 1.19 2.3 1 1 1 1 201 81,522
Note: k stands for postcode unit; w stands for week. Pre-announcement period is before 8 July 2020.

Source: Authors’ calculations based on Companies House data
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Table A.5: Registrations Grouped at Different Levels of Aggregation, post-
announcement all postcodes

Mean SD p10 p50 p90 min max No. Obs.

Registrationsw 16,171 1,834.1 14,392.5 16,849 17,614.3 12,030 17,615 8

Registrationsk 1.61 21.03 1 1 2 1 4,309 80,130

Registrationsk,w 1.32 6.9 1 1 1 1 568 97,747

5-digit
Registrations5d 184.5 531.68 3 34 378 1 6,241 701

Registrationsw,5d 28.56 73.89 1 7 63 1 902 4,529

Registrationsk,5d 1.22 4.04 1 1 1 1 614 105,774

Registrationsk,w,5d 1.14 1.75 1 1 1 1 201 113,688

2-digit
Registrations2d 1,454 2,568 40.4 401 4,187.6 1 15,946 89

Registrationsw,2d 185.3 324.8 5 57 562.4 1 2,218 698

Registrationsk,2d 1.28 5.7 1 1 1 1 976 101,040

Registrationsk,w,2d 1.18 2.22 1 1 1 1 201 109,479
Note: k stands for postcode unit; w stands for week. Post-announcement period is on and after 8 July

2020.

Source: Authors’ calculations based on Companies House data
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Table A.6: Registrations Grouped at Different Levels of Aggregation, pre-
announcement EOTHO postcodes

Mean SD p10 p50 p90 min max No. Obs.

Registrationsw 2,585 877.19 1,691.5 2,932 3,131.5 852 3,151 6

Registrationsk 3.25 60.71 1 1 3 1 3,295 4,769

Registrationsk,w 2.35 21.98 1 1 2 1 699 6,594

5-digit
Registrations5d 27.07 75.66 1 6 55.6 1 827 573

Registrationsw,5d 7.28 16.62 1 2 15 1 177 2,129

Registrationsk,5d 1.80 7.79 1 1 2 1 422 8,631

Registrationsk,w,5d 1.49 3.12 1 1 2 1 103 10,436

2-digit
Registrations2d 176.2 348.21 6 44 450.8 1 2,174 88

Registrationsw,2d 33.21 64.36 1 9 87.4 1 448 467

Registrationsk,2d 2.07 13.3 1 1 2 1 767 7,480

Registrationsk,w,2d 1.76 5.23 1 1 2 1 162 8,817
Note: k stands for postcode unit; w stands for week. Pre-announcement period is before 8 July 2020.

Source: Authors’ calculations based on Companies House data
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Table A.7: Registrations Grouped at Different Levels of Aggregation, pre-
announcement non-EOTHO postcodes

Mean SD p10 p50 p90 min max No. Obs.

Registrationsw 13,479 4,567.4 9,034.5 15,396 16,005 4,325 16,382 6

Registrationsk 1.4 7.93 1 1 2 1 1,506 57,720

Registrationsk,w 1.22 3.37 1 1 1 1 316 66,283

5-digit
Registrations5d 120.2 340.55 2 23 264.4 1 4,202 673

Registrationsw,5d 24.9 66.23 1 6 54 1 825 3,248

Registrationsk,5d 1.13 2.63 1 1 1 1 433 71,322

Registrationsk,w,5d 1.09 1.47 1 1 1 1 201 74,233

2-digit
Registrations2d 908.7 1,625.19 24.8 265 2,885.2 1 10,682 89

Registrationsw,2d 154.93 289.05 4 44 489.1 1 2,224 522

Registrationsk,2d 1.17 3.02 1 1 1 1 433 69,061

Registrationsk,w,2d 1.11 1.6 1 1 1 1 201 72,705
Note: k stands for postcode unit; w stands for week. Pre-announcement period is before 8 July 2020.

Source: Authors’ calculations based on Companies House data
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Table A.8: Registrations Grouped at Different Levels of Aggregation, post-
announcement EOTHO postcodes

Mean SD p10 p50 p90 min max No. Obs.

Registrationsw 2,683 349.75 2,360.8 2,832 2,897.5 1,875 2,950 8

Registrationsk 3.62 70.93 1 1 3 1 4,309 5,924

Registrationsk,w 2.39 20.62 1 1 2 1 568 8,980

5-digit
Registrations5d 36.19 106.61 1 8 69 1 1,256 593

Registrationsw,5d 7.41 17.43 1 2 15 1 299 2,895

Registrationsk,5d 1.91 10.5 1 1 2 1 614 11,228

Registrationsk,w,5d 1.5 3.82 1 1 2 1 212 14,281

2-digit
Registrations2d 243.9 473.4 7.7 68.5 647.3 3 2,813 88

Registrationsw,2d 33.48 62.6 1 10 90 1 401 641

Registrationsk,2d 2.2 16.21 1 1 2 1 976 9,748

Registrationsk,w,2d 1.78 5.55 1 1 2 1 212 12,047
Note: k stands for postcode unit; w stands for week. Post-announcement period is on and after 8 July

2020.

Source: Authors’ calculations based on Companies House data
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Table A.9: Registrations Grouped at Different Levels of Aggregation, post-
announcement non-EOTHO postcodes

Mean SD p10 p50 p90 min max No. Obs.

Registrationsw 13,488 1,492.07 12,031.7 13,962 14,739.6 10,155 14,741 8

Registrationsk 1.45 8.68 1 1 2 1 1,911 74,206

Registrationsk,w 1.22 3.04 1 1 1 1 269 88,767

5-digit
Registrations5d 156.6 443.6 3 29 328.2 1 5,151 689

Registrationsw,5d 24.69 62.1 1 6 56 1 754 4,370

Registrationsk,5d 1.14 2.26 1 1 1 1 315 94,546

Registrationsk,w,5d 1.09 1.18 1 1 1 1 150 99,407

2-digit
Registrations2d 1,212 2,118.6 30.4 347 3634.6 1 13,133 89

Registrationsw,2d 155.9 268.6 4 47.5 482.4 1 1,842 692

Registrationsk,2d 1.18 2.77 1 1 1 1 375 91,292

Registrationsk,w,2d 1.11 1.3 1 1 1 1 150 97,432
Note: k stands for postcode unit; w stands for week. Post-announcement period is on and after 8 July

2020.

Source: Authors’ calculations based on Companies House data
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B Outlier Analysis

Our main analysis does not drop potential outliers. We let regression fixed effects ac-
count for postcodes and sectors (and combinations of these units) that observe unusu-

ally high registrations.

B.1 Extremely High Company Registration Observations

Table B.1 shows company registrations across postcode units at the upper tail of the firm

registration distribution. Since UK postcode units contain a small number of properties

– on average 15 and always less than 100 – if a postcode unit observes an unusually high

amount of registrations it suggests activity not representative of true company creation

in the area. For example, the postcode WC2H 9JQ is the postcode with 7,604 regis-

trations over the sample and it is also the postcode-week with 699 observations. This

postcode corresponds to a business called 1st Formations that advertises a registered

office address service at this postcode. In week 33, postcode N19 4DX, SIC 96 (“Other

Personal Service Activities") there were 212 registrations and in week 33, postcode N19

4DX, SIC 96090 (“Other service activities not elsewhere classified") there were 212 reg-

istrations. Hence all registrations in the 2-digit sector were from one 5-digit sector. The

postcode also corresponds to an accountant with business creation services.

Table B.1: Upper-Tail Outlier Analysis, by postcode unit

p95 p99 p99.5 p99.75 p99.9 p99.99 max

Registrationsk,w,5d 1 4 6 10 20 82 212

Registrationsk,w,2d 1 4 8 14 29 106.7 212

Registrationsk,w 2 4 7 14 41 483 699

Registrationsk 3 9 14 22 41.34 494 7,604
Note: k stands for postcode unit; w stands for week; 5d stands for 5-digit SIC; 2d stands for 2-digit SIC.

Source: Authors’ calculations based on Companies House data

B.2 Company Registrations by Sector

Table B.2 shows the 5-digit sectors that observe the most firm creation. We do not

provide the 5-digit sectors with the least firm creation as a large number of sectors all

have only one creation. Namely: 1140, 2300, 5101, 5102, 5200, 8920, 10310, 10620,
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13940, 19100, 20510, 20520, 20600, 23130, 23140, 23510, 24320, 24460, 25300, 25940,

27310, 28132, 28410, 28921, 28940, 77220, 77342, 77352.

Table B.2: Top Five Number of Registrations by 5-digit sector

Registrations5d

47910: Retail sale via mail order houses or via Internet 11,270

68100: Buying and selling of own real estate 8,705

96090: Other personal service activities not elsewhere classified 7,433

70229: Management consultancy activities (other than financial

management)

7,238

68209: Letting and operating of own or leased real estate (other

than Housing Association real estate and conference and exhibition

services) not elsewhere classified

7,206

Source: Authors’ calculations based on Companies House data

Table B.3 shows the 2-digit sectors that observe the most and least firm creation.

Table B.3: Top and Bottom Number of Registrations by 2-digit sector

Registrations2d

Panel A: Top 3
47: Retail trade, except of motor vehicles and motorcycles 28,802

68: Real estate activities 18,498

56: Food and beverage service activities 13,176

Panel B: Bottom 3

19: Manufacture of coke and refined petroleum products 25

12: Manufacture of tobacco products 14

05: Mining of coal and lignite 3
Source: Authors’ calculations based on Companies House data
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C Matching EOTHO participants with Companies House

The restaurants.csv dataset from HMRC gives the names and addresses of establish-

ments registered for EOTHO. To obtain richer information, such as incorporation date

and sector, we match this list with the Companies House (CH) dataset of incorporated

companies. However, there is no unique identifier to match records.

In some cases, a company namemay include a Limited or Ltd suffix not present in the

trading name. A simple cleaning function deletes any instance of this suffix, converts

letters to uppercase and deletes any punctuation. Having applied this function to both

datasets and looking for exact matches, 21,642 of the 63,176 (34.26%) participating

restaurants are matched.

This approach has two main issues. First, this excludes any companies whose trad-

ing name is different from the company name, even after the basic cleaning for exam-

ple, many pubs have the same name across the country but each company name must

be unique. Second, the scheme was open to companies with multiple premises. Indeed,

according to administrative statistics from HMRC (2020), 7.3% of claims were made by

businesses with more than 1 registered outlet.

To address this second issue and to validate the matches, matched records are cross-

checked by postcode so that only restaurants located in the same postcode as the com-

pany registration are kept. Prior to this, the postcodes are homogenised, by remov-

ing any spaces and converting letters to uppercase, to avoid issues with inconsistency.

This gives 6,677 results, so this clearly excludes more than just the secondary premises.

Cross-checking by postcode area only (just the first one or two letters in the postcode)

gives 10,490 results.

The remaining unmatched restaurants are merged with the CH data by postcode,

then refined by address number (the first number present in the first or second lines of

address). Any remaining restaurants where neither the name nor postcode are the same

as the registered companys would be difficult to match with confidence.

A Fuzzy Match approach is then used on the names and addresses using the Jaro-

Winkler method and matches are further refined by requiring an edit distance for each

field of less than 0.5. Finally, from the HMRC statistics, the majority of companies were

from one of 8 2-digit SIC code categories (see below) so only these are kept. After this,

there remain some restaurants which are matched to multiple companies, so only the

match with the lowest edit distance is kept. This results in 9,759 further matches in
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addition to the 10,490.

TheHMRC (2020) statistics suggest a total of 36,993 businessesmade claims through

the scheme but it is unclear whether there would be an injective relation with the com-

panies listed in the CH data. The restaurants dataset also includes premises which

registered for the scheme but did not make a claim. However, assuming that this is the

appropriate total, the resulting sample of 20,249 has a sampling rate of 54.7%.

Several checks are used to test the validity and representativeness of the sample.

First, the SIC codes of the matched companies are compared to the SIC codes from the

HMRC statistics. This is shown in Table A.1. In particular, Pubs and licensed bars

are significantly under-represented, which could be due to them trading under very

different names or operating other than as incorporated companies. Retail is also over-

represented and indeed there are more matched companies in this sector than actually

made claims.

Second, the number of matched companies is compared to the number of partici-

pating restaurants in each region. The sampling rate in each region is between 27.9%

in the East and 37.1% in the North East. The regional distribution of matching rate is

shown in figure C.1.

Matched companies sample HMRC Statistics

SIC Code Description n % of sample n % of businesses

1 Agriculture 182 0.90% 246 0.70%
10 Food manufacturing 317 1.57% 161 0.50%
11 Drink manufacturing 80 0.40% 68 0.20%
46 Wholesale 441 2.18% 177 0.50%
47 Retail 1714 8.46% 1498 4.40%
55 Accommodation 1325 6.54% 2943 8.70%
56 Food and beverage services 14670 72.45% 26562 78.60%

561 Restaurants 11823 58.39% 18328 54.30%

562 Event catering 810 4.00% 491 1.50%

563 Pubs and licensed clubs 2037 10.06% 7743 22.90%

93 Sport, amusements & recreation 894 4.42% 931 2.80%

(No match) 40 0.20%

Other 988 4.88% 1187 3.50%

Table C.1: SIC Codes of matched sample and HMRC statistics
Source: Authors’ elaboration and HMRC (2020)
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Figure C.1: Regional matching
Source: Authors’ elaboration
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D Confidence intervals

This section outlines the algorithm to calculate the confidence intervals for the size of

the relative effect. We cannot apply a standard parametric statistical test to the effect.
This is because it depends on non-linear combinations of (not necessarily independent)

random variables. We use the observed data simulations to obtain an approximate prob-

ability distribution. We then identify a 95% confidence interval.

Let EOTHO2020, EOTHO2019, All2020, All2019, be the number of registrations in the

relevant postcode subsets and years. As before,

Effect := Ratio of registrationsEOTHO postcodes −Ratio of registrationsall postcodes

=
EOTHO2020

EOTHO2019
− All2020
All2019

.

The effect is a non-linear function of four random variables with unknown distribu-

tions. We use a non-parametric bootstrapping algorithm to estimate confidence inter-

vals for the effect size. We use a Monte Carlo approach to case sampling, and we build a

function to generate N (usually set at 1,000) re-samples on which to calculate the effect
and use this to approximate a distribution and identify a 95% confidence interval. The

function takes the original data and N as parameters.

Function Description

First, the algorithm calculates the effect from the data so that this can be reported with

the confidence intervals. Then it prepares a vector of size N to hold the generated

distribution. The resampling uses the built in sample function to randomly generate

resamples of the same size as the data, using replacement. Then the function calculates

the effect on this resample and adds it to the vector, repeating these two steps N times.

Finally, the function reports the effect and draws the values at the 2.5th and 97.5th

percentiles from the vector for a 95% confidence interval. The R code for the function

is displayed below:

boot2_ c i <− function ( data , N) {

# Ca l cu l a t e ob s e r v ed e f f e c t .
eff <− sum( data$EOTHO[which ( data$Y2020==1)] )

/sum( data$EOTHO[which ( data$Y2020==0)] )
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− sum( data$Y2020 ) /sum( ! ( data$Y2020 ) )

# Vec tor t o ho ld c a l c u l a t e d resampled e f f e c t s .
r s _ eff <− rep (NA, N)

# Loop to g en e r a t e N resample s , c a l c u l a t e e f f e c t
# and add each to r s _ e f f .
for ( i in seq ( 1 :N) ) {

r s <− data [ sample ( seq ( 1 :nrow ( data ) ) , replace=TRUE) , ]
r s _ eff [ i ] <− sum( r s $EOTHO[which ( r s $Y2020==1)] )

/sum( r s $EOTHO[which ( r s $Y2020==0)] )

− sum( r s $Y2020 ) /sum( ! ( r s $Y2020 ) )

}

# Output r e s u l t s .
# h i s t ( r s _ e f f )
l i s t ( Ef f=eff , Lo=quantile ( r s _eff , 0 . 0 0 2 5 ) [ [ 1 ] ] ,

Hi=quantile ( r s _eff , 0 . 9 9 7 5 ) [ [ 1 ] ] )

# p r i n t ( r s _ e f f )
}
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E Postcode frequency

Table E.1 shows the number of postcodes by number of EOTHO establishments to un-

derstand the significance of the continuous variable of treatment intensity, as described

in the identification section.

Table E.1: Frequency of postcodes by number of EOTHO establishments

Number of EOTHO

establishments in postcode

Number of

postcodes

0 120,000

1 6,048

2 1,627

3 558

4 251

5 82

6 41

7 22

8 17

9 6

10 5

11 2

12 1

14 1

17 1

18 2

19 1

Total Postcodes 128,665
Source: Authors’ calculations based on Companies House data and HMRC
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F Parallel trends

To apply the difference-in-differences approach, we show the parallel trends of registra-

tions prior to the announcement of EOTHO scheme. Figure F.1 plots the weekly average

number of registrations by treatment (EOTHO) and control (non-EOTHO) groups at the

unit level of our DiD analysis, i.e. in a 2-digit sector, postcode and week observation.

For example, in week 24, we observe 1.11 registrations on average in a postcode in a 2-

digit sector in the non-EOTHO sub-sample, while the average firm registrations in week

24 for a 2-digit sector in a postcode is 1.89 registrations in the EOTHO sub-sample. We

note that week 22 is not a full week in our sample.

Additionally, from the tables in Section A we observe that the average registrations

for a 2-digit sector postcode observation is 1.77 for the EOTHO subsample over the

full time period, 1.11 for the non-EOTHO subsample over the full period, 1.19 pool-

ing EOTHO and non-EOTHO areas pre-announcement, 1.18 pooling EOTHO and non-

EOTHO areas post-announcement, 1.76 for EOTHO pre-announcement, 1.11 for non-

EOTHO pre-announcement, 1.78 for EOTHO post-announcement, and 1.11 for non-

EOTHO post-announcement.
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Figure F.1: Average number of registrations by treatment
Source: Authors’ elaboration
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G Robustness Analysis

In this section we provide a robustness analysis to our estimates. G.1 replicates the

difference-in-differences analysis by excludingweek-postcodes-sectors with over 10 reg-

istrations. G.2 replicates the difference-in-differences analysis by excluding the Accom-

modation and Food Services sector. Finally, G.3 reports online searches on "how to set

up a beauty salon?".

G.1 Difference-in-Differences: Excluding outliers

We run the regressions excluding week-postcode-sector observations with over 10 reg-

istrations. This approach eliminates concerns about fraud cases. For example, it re-

moves cases of registrations reported in a single postcode (e.g. of a hotel). Further, it

removes legitimate accountancy firms that offer registered office address service which

genuinely register the company in correct sector. In this case, the company intends to

produce (hence it is not a fraud), but the postcode area does not correspond to area of

economic activity. The effect reduces from 5.6% to 5.03%.

Table G.1: Estimates of EOTHO on company registrations; excluding Accommodation
and food services (no outliers)

Dependent variable: Natural log of incorporations

(1) (2) (3) (4) (5) (6)

Treated (in EOTHO postcode) 0.0491 *** 0.0492 *** 0.0490 *** 0.0490 ***

(0.0015) (0.0015) (0.0015) (0.0015)

Treated × post-EOTHO 0.0014 * 0.0014 * 0.0013 * 0.0013 *

(0.0029) (0.0029) (0.0029) (0.0029)

Treated (intensity) 0.2546 *** 0.2547 ***

(0.0163) (0.0163)

Treated (intensity) × post-EOTHO 0.0294 * 0.0293 *

(0.0314) (0.0314)

Baseline FE Yes Yes Yes Yes Yes Yes

Pre-treatment trend No Yes No Yes No Yes

χi × ηw No No Yes Yes Yes Yes

Observations 190,326 190,326 190,326 190,326 190,326 190,326

R squared 0.0666 0.0666 0.0669 0.0669 0.0619 0.0619

*** p < 0.01; ** p < 0.05; * p < 0.1.

Note: Estimates for the natural logarithm of the company registrations. Baseline fixed effects refer to
fixed effect for the week, NUTS3, 2-digit SIC code and their interaction. Robust standard errors in

parentheses.

Source: Authors’ calculation
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G.2 Difference-in-Differences: Excluding Accommodation and Food

Services

We run the regressions excluding the Accommodation and Food Services sector. Based

on the eligibility criteria of the EOTHO scheme, restaurants could participate if they

were registered up until 7 July 2020. Since the announcement occurred on 8 July, el-

igible outlets could not have known about the subsidy. Therefore, they could not be

motivated to register beforehand. Further, setting up a restaurant during the scheme

would not benefit from the scheme. If they are set up in an area with participant restau-

rants, they would offer 50% more expensive services relative to those in the scheme.

Excluding the hospitality sector increases the effect from 5.6% to 6.3%.

TableG.2: Estimates of EOTHO on companies registrations; excluding Accommodation
and food services

Dependent variable: Natural log of incorporations

(1) (2) (3) (4) (5) (6)

Treated (in EOTHO postcode) 0.0563 *** 0.0563 *** 0.0561 *** 0.0561 ***

(0.0018) (0.0018) (0.0018) (0.0018)

Treated × post-EOTHO 0.0070 ** 0.0069 ** 0.0068 ** 0.0068 **

(0.0033) (0.0033) (0.0033) (0.0033)

Treated (intensity) 0.2816 *** 0.2818 ***

(0.0187) (0.0187)

Treated (intensity) × post-EOTHO 0.0826 ** 0.0824 **

(0.0360) (0.0360)

Baseline FE Yes Yes Yes Yes Yes Yes

Pre-treatment trend No Yes No Yes No Yes

χi × ηw No No Yes Yes Yes Yes

Observations 191,001 191,001 191,001 191,001 191,001 191,001

R squared 0.0652 0.0652 0.0654 0.0654 0.0602 0.0602

*** p < 0.01; ** p < 0.05; * p < 0.1.

Note: Estimates for the natural logarithm of the company registrations. Baseline fixed effects refer to
fixed effect for the week, NUTS3, 2-digit SIC code and their interaction. Robust standard errors in

parentheses.

Source: Authors’ calculation

G.3 Google Trends

We find that high street businesses, like hairdressers and beauty salons, benefit the most

due to EOTHO. If this is correct, the willingness to create a high-street business should

be higher after the announcement of the scheme. As a robustness check, we use data

from Google Trends to proxy willingness-to-create a firm. We focus on the trends of
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“how to set up a beauty salon" between July and August 2020. Taking beauty salons as

an example, there is a large spike in search activity on the next day of the announcement

of EOTHO (July 9th). We are not able to know if these Google searches did translate into

creations. However, it is evidence of the policy stimulating entrepreneurial activity.

2020-06-282020-07-032020-07-082020-07-132020-07-182020-07-232020-07-282020-08-022020-08-072020-08-122020-08-172020-08-222020-08-272020-09-01

0

20

40

60

80

100

120

EOTHO

Announcement

Date

N
u
m
be

r
of

se
ar
ch

es

Figure G.1: Google searches: “How to set up a beauty salon”
Note: Solid vertical line indicates the announcement of the EOTHO scheme. The Google Trends for the

phrase “How to set up a beauty salon" peaks the next day of the announcement.

Source: Google Trends
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