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We introduce a novel data set to analyze the impact of the Covid-19 crisis on SME cash flows. The crisis led 
to a sharp drop in economic activity in the UK, which hit SMEs harder than larger businesses. The data set 
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1 Introduction

1.1 Context

The Covid-19 pandemic and the public health measures introduced to contain it have

had a huge impact on the UK economy. According to the latest data, GDP was 10% lower

in 2020 than in 2019. This could be the largest annual fall in around 300 years1. Lower

demand for goods and services and disruption to production and supply chains have led the

revenues of many businesses to decline sharply and persistently. This decline in revenues put

pressure on cash �ows and increased liquidity needs. Small and medium enterprises (SMEs)2

were likely hit hardest, as set out in the Bank of England's August 2020 Financial Stability

Report.

Beyond national accounts aggregates and relatively small-scale surveys, data on the per-

formance of UK businesses through the Covid-19 crisis has been sparse. Only the largest

listed companies publish timely accounting information and, unlike in the US, most of those

only publish them twice a year. The larger private businesses have to �le information on

their pro�t and loss accounts at Companies House, which makes them available online, but

this comes with lags of up to two years from when the activity took place. In this paper, we

introduce a novel and data set that sheds light on the performance of 2 million UK SMEs.

It contains detailed monthly information on all SME accounts held with nine major banking

groups in the UK, covering current accounts3 and bank debt of various forms. The data is

provided con�dentially to the Bank of England via Experian, a private sector information

services company, with around a 6 week lag. This allows us to analyze the e�ects of the

Covid-19 crisis on a very large sample of UK SMEs in detail for the �rst time. The latest

data point that we analyze in this paper is for December 2020, which means our analysis

does not cover the impacts since then, although future work could analyze it in detail.

There are around 3 million SMEs in the data set, 2 million of which are limited companies

and 1 million of which take other legal forms. This compares to the 6 million businesses in

1See the GDP estimates produced by the UK's national statistics authority, compared to historical data
compiled by the Bank of England.

2There is no commonly-accepted de�nition of SMEs. For the purposes of this paper we de�ne them
as businesses that have less than ¿25 million in turnover (another word for revenues). Other de�nitions
reference numbers of employees.

3In the US current accounts are often referred to as `checking accounts'. The data does not cover longer-
term savings accounts.

1

https://www.bankofengland.co.uk/-/media/boe/files/financial-stability-report/2020/august-2020.pdf
https://www.bankofengland.co.uk/-/media/boe/files/financial-stability-report/2020/august-2020.pdf
https://www.gov.uk/government/publications/life-of-a-firm-annual-requirements/life-of-a-firm-part-1-accounts
https://www.gov.uk/limited-firm-formation
https://www.ons.gov.uk/economy/grossdomesticproductgdp/timeseries/abmi/qna
https://www.bankofengland.co.uk/statistics/research-data sets


total in the UK in 2020 according to aggregate statistics compiled by the UK government's

business department, around 5.9 million of which were SMEs and 2 million of which were

limited companies. We focus our analysis on SME limited companies, given this is where

we have near-universal coverage of the population and where we can match the data set

to other public data sources. This means for each of the 2 million SMEs we have recent

information on their sector, address, age and some simple balance sheet characteristics, as

well as current account �ows and new loans on a monthly basis. At the start of 2020, UK

SMEs employed around 17 million people on aggregate (61% of the private sector total)

and generated turnover of ¿2.3 trillion (52% of the total). Around a third of UK banking

sector exposures to UK businesses are to SMEs. A healthy SME sector is important for the

sustained growth of the UK economy and the resilience of the �nancial sector. However, the

prolonged nature of the pandemic, the severity of the shock and the uncertain outlook are

likely to continue to threaten many SMEs in the months to come.

The UK government has implemented a range of �scal measures to support SME liquidity

through the Covid-19 crisis4, many of which were still in place at the time of writing. The

biggest in terms of its �scal cost was the Coronavirus Job Retention Scheme (CJRS), which

allowed businesses of any size to furlough employees and receive compensation from the

government to help to cover their labor costs. There was also a range of direct cash grants,

typically administered via local government authorities. In addition to these grants, the

government introduced a number of loan guarantee schemes to ease the supply of credit,

particularly to the smallest businesses. This included the Bounce Back Loan Scheme (BBLS),

which came with a 100% credit risk guarantee and has so far seen around 1.5 million loans

of up to ¿50,000 go to very small businesses. Around ¿70 billion of the ¿80 billion of new

�nance raised by UK businesses in 2020 came through the government loan schemes. 5

This paper documents the following facts on UK SMEs:

1. The average UK SME saw a 30 percentage point fall in turnover growth between April

2020 and December 2020 relative to the period before the Covid-19 crisis. Turnover

growth for the average SME was still well below its January 2020 level in December

2020.
4See the O�ce for Budget Responsibility's (latest report) for more details on these measures.
5See the Bank of England blog for more details on the loan schemes.

2

https://www.gov.uk/government/statistics/business-population-estimates-2020/business-population-estimates-for-the-uk-and-regions-2020-statistical-release-html
https://www.british-business-bank.co.uk/ourpartners/coronavirus-business-interruption-loan-schemes/bounce-back-loans/
https://obr.uk/efo/economic-and-fiscal-outlook-march-2021/
https://www.bankofengland.co.uk/bank-overground/2021/what-types-of-businesses-have-used-government-guaranteed-loan-schemes


2. There was considerable heterogeneity in the turnover shock across UK SMEs. Younger

SMEs, those that operate in the Arts and Recreation and Accommodation and Food

sectors, in Scotland and London, saw larger turnover growth reductions than the av-

erage.

3. SMEs appear to have been able to reduce costs by as much as turnover on average,

potentially supported by the government interventions. This means there was much

less heterogeneity in the cash �ow impact, which was relatively small for the average

SME.

4. Usage of the BBLS was also quite heterogeneous. Firms with the highest and lowest

turnover growth in 2020 were least likely to use the BBLS. Firms in Accommodation

and Food were most likely to use BBLS loans. In terms of regional variation, �rms

in the north of England were most likely to have taken a BBLS loan and those in

Northern Ireland were least likely. Firms in more a�uent areas were more likely to use

the BBLS.

1.2 Contribution to the literature

Our paper contributes to a rapidly emerging strand of literature on the impact of the

Covid-19 pandemic on businesses. We are able to overcome two key challenges faced by

prior studies: poor coverage of very small businesses; and small sample sizes. Our data

comprises 2 million SMEs, which is almost the entire universe of limited companies in the

UK. As well as studying average impacts in simple regressions, we document impacts along

various dimensions of heterogeneity, including sector, region, �rm age and �rm size. Given

the granularity of our data, we are also able to track the usage of government-guaranteed

loan schemes across �rms, showing the types of businesses that the schemes helped most. To

the best of our knowledge, this is the �rst paper to provide such a detailed and representative

view of the e�ect of the crisis on SMEs. Methodologically, we go beyond linear regressions

and provide the reader with a glimpse of how more advanced machine learning algorithms

could be used to analyze big data on businesses in the future.

3



1.3 Related literature

A large number of papers study the di�culties that small businesses have been facing

through the Covid-19 pandemic and public health interventions. Bloom et al. [2021] use

survey data on an opt-in panel of around 2,500 US small businesses to assess the impact

of Covid-19. They document a signi�cant negative sales impact that peaked in Quarter 2

of 2020, with an average loss of 29% in sales. The authors �nd that the smallest o�ine

�rms experienced sales drops of over 40% compared to less than 10% for the largest online

�rms. Similar results have been documented in Bu�ngton et al. [2020], Bartik et al. [2020]

and Chetty et al. [2020]. Chodorow-Reich et al. [2020], use loan-level data to document

that SMEs obtain credit lines of shorter maturity, manage maturity less actively, post more

collateral, pay higher interest rates and have higher utilization rates. The authors show

that SMEs do not draw down in contrast to large �rms despite SME demand, but that

government support scheme loans helped alleviate the shortfall. Acharya and Ste�en [2020]

document a corporate �dash for cash� induced by the pandemic. The authors show that

in the �rst phase of the pandemic, all �rms drew down on bank credit lines to raise cash

balances. This reversed in the second phase (following the adoption of stabilization policies)

when only the highest rated �rms switched to capital markets to raise cash. The adverse

e�ect of the pandemic on corporate cash bu�ers is also documented in Banerjee et al. [2020]

where they �nd that about 40% of a sample of �rms from advanced economies would not be

able to service their debt in 2020 in a scenario where 2020 revenues decline by 25% relative

to 2019. Autor et al. [2020] study the e�cacy of the Paycheck Protection Program (PPP)

which was intended to help SMEs maintain employment and wages during the pandemic in

the US. The authors estimate that the PPP boosted employment at eligible �rms by 2% to

4.5% and imply that the PPP increased aggregate U.S. employment by 1.4 million to 3.2

million jobs through the �rst week of June 2020. Although the evidence is supportive of a

causal e�ect of the PPP on aggregate employment, the authors are mindful of puzzles and

view this work as preliminary.

Papanikolaou and Schmidt [2020] document that sectors in the US in which a higher

fraction of the workforce is not able to work remotely experienced signi�cantly greater de-

clines in employment, signi�cantly more reductions in expected revenue growth, worse stock

market performance, and higher expected likelihood of default. Schivardi and Romano [2020]

present a simple method to determine the number of �rms that could become illiquid, and

4



when, in Italy. The authors �nd that at the peak, around 200,000 companies (employing

3.3 million workers) could become illiquid due to a total liquidity shortfall of EUR72 billion.

Carletti et al. [2020] go beyond the universe of small �rms and forecast the drop in pro�ts

and the equity shortfall triggered by the Covid-19 lockdown, using a representative sample

of around eighty thousand Italian �rms. The authors predict that a three-month lockdown

would entail an aggregate yearly drop in pro�ts of about 10% of GDP and amount to �nan-

cial distress for 17% of the �rms included in the sample. Distress is forecasted to be more

frequent for SMEs, for �rms with high pre-Covid-19 leverage, and those belonging to the

Manufacturing and Wholesale Trading sectors. At a cross-country level, Gourinchas et al.

[2020] estimate the impact of the pandemic on SME failures, in seventeen countries. The

authors estimate an increase in failure by nearly 9 percentage points, absent government

support. Accommodation & Food Services, Arts, Entertainment & Recreation, Education,

and Other Services are among the most a�ected sectors.

This paper also contributes to the growing literature that seeks to shed light on practical

issues using machine learning techniques. In recent years, machine learning approaches have

become more and more prominent as means to answer a range of research questions in

economics. Athey and Imbens [2019] discusses the importance of utilizing machine learning

models for economics problems. The authors highlight that in economics, methods with

formal properties are typically favored to machine learning models. However, the focus on

machine learning approaches allows for di�erent types of formal results, such as error rates,

model performance, predictive power, guarantees, etc. In this paper we present some initial

results using machine learning methods applied to SME data.

The rest of the paper is organized as follows. Section 2 describes the data set and sets out

some simple stylized facts. Section 3 shows how the Covid-19 crisis impacted UK SMEs over

the course of 2020 and documents some of the considerable heterogeneity of those impacts

across di�erent types of SMEs operating in di�erent parts of the UK. Section 4 presents

analysis of which SMEs raised liquidity through the BBLS program. Section 5 includes some

novel machine learning models that could be used in future for prediction. Section 6 sets

out some conclusions and ideas for further work.

5



2 Data and stylized facts

This section describes the data set and presents some simple stylized facts, focusing on

how UK SME turnover and cash �ow evolved through 2020.

2.1 Data description

This paper introduces a novel data set containing information on the bank accounts of a

very large number of UK SMEs. The Bank of England receives the data on a monthly basis

via Experian, a private sector information services company. This arrangement is supported

by the Small Business Enterprise & Employment Act, which was enacted in 2015 in the UK.

It introduced the Credit Information Regulations, which require nine major banking groups6

to send regular data on all of their SME customers to a list of designated credit reference

agencies. The credit reference agencies have to share the data they collect with all �nance

providers, to promote competition in the SME lending market. The credit reference agencies

also have to share the data with the Bank of England. The data is con�dential and this

paper does not present any information that identi�es any individual SMEs or banks.

The legislation provides a speci�c de�nition of SMEs. It states that a UK business

quali�es as an SME if it satis�es the following criteria:

• it has an address in the United Kingdom;

• it carries out commercial activities as its principal activity;

• it is not part of a group which as a whole has an annual turnover which is equal to or

greater than ¿25 million.

On the face of it this de�nition is relatively precise and di�ers from some other sources,

which de�ne SMEs on the basis of their number of employees.7 However, the data is collected

from banks, which manage their SME portfolios and business lines in di�erent ways. This

means that in some cases the turnover cut-o� they use in practice can be above or below

6Several other lenders share their data with the credit reference agencies on an optional basis.
7For example, the European Union de�nes SMEs as businesses with fewer than 250 employees, whilst the

US authorities typically refer to businesses with fewer than 500 employees.

6

https://www.legislation.gov.uk/ukpga/2015/26/contents/enacted
https://www.gov.uk/government/news/boost-for-small-businesses-seeking-finance-thanks-to-government-data-sharing-scheme


¿25 million and the data therefore includes some businesses with higher turnover than this

threshold. We retain these businesses in the sample we use for our analysis.8

There are around 3 million SMEs in the data set, 2 million of which are limited companies

and 1 million of which take other legal forms. These non-limited businesses that take other

legal forms are typically sole traders or partnerships. This compares to a total of around

5.9 million SMEs in the UK business population according to aggregate statistics compiled

by the UK government's business department, 2 million of which are limited companies.9

This implies that the data set has very high coverage of SMEs that take the form of limited

companies and much lower coverage of other legal forms. It covers around half of SME

limited company turnover and 60% of current account balances. Appendix C sets out more

detail on the representativeness of the data. The data covers all sectors of the economy

and all regions of the UK. The data contains monthly observations for all �rms starting in

2017, soon after the introduction of the legislation, but data quality is highest from 2018

onward, so we focus on this period in our analysis. The SMEs in the data typically have

one current account with one bank. Relatively few of them have separate debt accounts

but most have overdraft limits associated with their current accounts. Debt accounts are

classi�ed into around 20 di�erent categories, with credit cards the most common. There is

also some information on missed debt repayments and defaults, which we do not analyze in

this paper but intend to analyze in future research.

This data set contains information on very small businesses that few other studies in the

literature have been able to analyze before, because they are typically under-represented in

�rm-level data and in credit registers. Many papers in the literature use information on

large listed companies compiled via sources such as Compustat or Capital IQ. Recent papers

covering the impact of Covid-19 on SMEs have used: survey data with small sample sizes

[Bu�ngton et al., 2020, Bartik et al., 2020, Bloom et al., 2021]; private sector data with large

sample sizes but low representativeness [Chetty et al., 2020, Autor et al., 2020]; or banking

sector data that explicitly excludes small businesses [Chodorow-Reich et al., 2020]. Even

papers such as Bahaj et al. [2020] that draw on data from Companies House, where all UK

8Based on 2019 current account in�ows, there appears to be around 3,000 �rms with more than ¿25
million in turnover. Our results are robust to excluding them.

9Note that the aggregate data only allows us to identify SMEs on the basis of their number of employees,
not their turnover as in the data set we use in the paper. For the comparisons here we focus on �rms with
less than 250 employees, which is a widely-used de�nition of SMEs.

7
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https://www.gov.uk/government/publications/life-of-a-firm-annual-requirements/life-of-a-firm-part-1-accounts


limited companies have to publicly report their accounting information, only have detailed

information on turnover and other �ow variables for fewer than 50,000 �rms, which tend to

be relatively large.10

For all of the limited companies in the data set we have registration numbers that allow

us to match them to Companies House data acquired via Bureau van Dijk. This gives us

additional information on their �rm description, age, the sector in which they operate (their

SIC code), simple balance sheet variables (such as total assets and total liabilities) and in

relatively few cases we can obtain information on their number of employees and pro�t and

loss accounts. We match in the latest reported information for all companies, which typically

refers to accounting periods that cover calendar years 2018 or 2019. We use these variables

as lagged controls in our regression analysis.11 We use the same unique IDs to merge in

loan-level supervisory data obtained from 15 major UK banks collected in August 2020 on

all of the companies that had obtained BBLS loans by that point.

2.2 Key variables

In this paper we focus much of our analysis on �rm-level measures of turnover and cash

�ow, which we derive using the monthly current account transaction data. The turnover

measure should be interpreted as the total monthly in�ows into all current accounts held

by each �rm, expressed in nominal terms. Note the data does not allow us to split out

the components of current account �ows. We only have information on total in�ows and

out�ows. More formally, we use the following formula to compute turnover in month t for

�rm i: turnoveri,t = inflowsi,t − newloansi,t. We subtract any in�ows that relate to new

loans that we observe �rms take out in a given month, which gives us a clean measure of the

operating performance of the �rm, although it di�ers from accounting measures of turnover

in a few key ways.12 We also analyze a measure of total costs: costsi,t = outflowsi,t. Note

10The reporting criteria for Companies House depend on company size, with less onerous reporting re-
quirements for smaller companies and micro-entities. Small companies (micro-entities) can opt to �le only
abridged (micro-entity) accounts if they ful�ll at least two of the following criteria: a turnover of ¿10.2
million (¿632,000) or less; ¿5.1 million (¿316,000) or less in assets on balance sheet; 50 (10) employees or
less.

11This means that we do not analyze non-limited companies in this paper. Further work could look at
them in more detail.

12For example, it is a cash-based measure rather than accruals-based like accounting data. It may include
government transfers and in some cases it could include �nancing �ows from outside the nine major banking
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that out�ows will include total labor costs, non-labor costs and capital expenditure as well

as any shareholder payouts and debt servicing costs. We are not able to separate out these

di�erent cost components out in the data.13 Appendix B sets out more detail on the data

cleaning process.

We compute year on year growth in turnover and costs, which helps to strip out sea-

sonality. Focusing on year on year variables means that some �rms drop out of our sample

because they do not appear for at least one full year.14 The �rm-level growth measures we

construct follow the approach outlined in Davis et al. [1996], which is often referred to in

the literature as the �DHS growth� measure. This growth measure is produced by dividing

the year on year change in turnover in a given month by the average turnover this year and

in the same month the year before. Speci�cally we calculate the following for all �rms, for

both turnover and costs:

turnoveri,t − turnoveri,t−12
turnovergrowthi,t = 1(turnoveri,t + turnoveri,t−12)2

Where t denotes months and i is an individual �rm. This measure helps to take account

of intensive and extensive margins of growth and �rms that face zero turnover or cash �ow

in a given month. For example, if a �rm goes from zero turnover in May 2019 to positive

turnover in May 2020, the turnover growth measure takes a value of +2. If a �rm goes from

positive turnover to zero turnover it takes a value of -2. Note it can only take values in

the range -2 to +2. It is monotonically related to a conventional growth rate based on the

formula growth = 2∗DHS
2−DHS

. Indeed, for small growth rates it is very close to a conventional

growth rate.

We exploit the data on loan accounts to identify borrowing that has taken place under

the government-guaranteed loan schemes. Given the size of the �rms in the sample, the

BBLS is by far the most important of the schemes. We identify these loans based on the

timelines of the scheme (it has been available since May 2020) as well as the size and type of

groups covered by the data set.
13Note that identifying the impact of government support is not straightforward. The CJRS would likely

lead to cash out�ows at the time that furloughed employees are paid their reduced wages, followed by cash
in�ows when the government compensates businesses for their labor costs at a later date.

14In practice this means our regression sample contains around 1.8 million SMEs compared to 1.98 million
in the latest snapshot.
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loans available.15 We combine this approach with the loan-level data mentioned above. As of

September 2020, our data shows around 700,000 BBLS loans totaling ¿24 billion with the top

three sectors by absolute volume being Construction, Wholesale and Retail and Professional

and Scienti�c. This suggests we have around two thirds coverage of the aggregate volumes

under the scheme at that time.16

2.3 Stylized facts

Table 1 shows some simple summary statistics for the key variables in the data set.

There are around 1.8 million limited companies. The median turnover in the data set is

around ¿6,500 per month, or ¿80,000 per year, which implies that many �rms in the data

set are very small. The mean is above the median, which points to a positive skew in the

�rm size distribution. Assets data follows a similar pattern to turnover. The average �rm is

around 6 years old and most are in the 3 to 10 year range.

Table 1: Summary statistics, �rm-level variables

Turnover (¿, monthly) Age (years) Assets (¿, stock)

Mean 39620 8.36 1099280
Median 6551 6.12 36280

10th percentile 174 2.13 1450
25th percentile 2024 3.47 8880
75th percentile 19581 10.35 152450
90th percentile 63503 16.75 620250

Figure 1 shows how year on year turnover growth has evolved for UK SMEs since the

start of 2018. Before 2020 the median �rm typically faced zero growth in turnover year on

year but this picture changed signi�cantly in 2020. The median �rm faced a reduction in

turnover of around 30% year on year in May 2020, which was the peak of the crisis on this

15The BBLS allows �rms to take out standardized amortizing term loans with �xed 2.5% interest rates
in amounts up to the lower of 25% of pre-Covid-19 turnover or ¿50,000. We also identify some loans that
could be CBILS loans, although given that the CBILS scheme is less standardized than BBLS we struggle
to distinguish them from normal lending in the data. See the British Business Bank website for details.

16The missing component likely re�ects a combination of slow reporting as a result of system changes at
the major banks and the fact that our data only covers nine major banks.
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measure. However, the median masks heterogeneity across �rms. The 75th percentile of

the distribution has remained relatively unchanged in 2020 compared to 2019. But the 25th

percentile dropped by more than the median and had not yet recovered fully by December

2020. This suggests that the Covid-19 crisis led to a signi�cant drop in turnover for many

�rms and a signi�cant increase in dispersion across �rms. Figure 9 in the appendix compares

year on year SME turnover to national accounting aggregate data, showing that it broadly

tracks an aggregate measure of private non-�nancial company earnings.
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Chart shows the median (the line) and the interquartile range (the shaded area). DHS growth rates (see text for explanation). 
Values of −2 indicate firms going to zero turnover or leaving the sample.

Figure 1: Historical turnover growth by month

The appendix presents a number of other stylized facts. Figure 10 shows how turnover

growth varied across �rms in di�erent sectors, revealing signi�cant heterogeneity. The dis-

persion of median turnover growth across sectors increased markedly between January 2020

and May 2020, the peak of the Covid shock. The most impacted sectors in May 2020 were

Arts and Recreation and Accommodation and Food. Figure 11 shows how median turnover

growth varied across geographical areas, based on the 121 postcode areas in the UK. As

before, it shows median turnover growth by area in January 2020 vs May 2020. Most areas

saw lower median turnover growth in May, but the lowest growth rates were particularly

concentrated in parts of Scotland and London. Figure 12 shows the proportion of �rms

in each area that took out a BBLS loan in our data set. There was signi�cant regional

heterogeneity in the probability of borrowing under the BBLS scheme.
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3 Impact on turnover and costs

In the previous section, we showed that the �rst half of 2020 saw a large drop in turnover

year on year for the average UK SME and that there appeared to be signi�cant heterogeneity

across �rms. In this section we analyze the impact of the various public health measures

(the `lockdowns') using linear regression techniques. We also document the heterogeneity of

the crisis across �rms by analyzing the factors that correlate with the scale of the turnover

change at �rm level, including age, size, sector and local area.

3.1 Average impact of the lockdowns

The stylized facts presented in Section 2 suggest that many UK SMEs faced a signi�cant

reduction in turnover from April 2020 onward. This coincides with the �rst national lock-

down, which began in late March 2020 and was not relaxed for many businesses until early

July 2020.17 We have constructed a series of dummy variables that record the businesses

that were a�ected by each of the lockdown measures in each month of 2020, based on their

registered business addresses. For example, a business that operates in Leicester was subject

to the �rst national lockdown from March to July, then a local lockdown until November

and then the second national lockdown in November. See Appendix D for more details on

the assumptions underpinning this. We have used this measure as an explanatory variable

in regressions to document the correlation between the public health measures and SME

turnover and cash �ows.

The baseline regression we use to analyze turnover growth takes the following form (we

use the same speci�cation for costs growth):

turnovergrowthi,t = βlockdowni,t + vi + εi,t (1)

The dependent variable, turnovergrowth, is year on year growth in turnover for �rm i

in month t. Appendix A reports statistics on the distribution of this variable. lockdown

is a series of dummies denoting di�erent levels of public health measures. In our simplest

speci�cation this comes in the form of a `post-March' dummy, which takes a value of 1

17The lockdown saw the government introduce new legislation to contain the spread of Covid-19, which
limited the number of people that could leave their houses and required many businesses to be completely
closed.
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for all months from April 2020 to December 2020. Appendix D has more detail on how

these variables are constructed in practice. We include �rm �xed e�ects, denoted vi. The β

coe�cients should be interpreted as the correlation between a given set of lockdown measures

and year on year growth in turnover for SMEs, relative to the period before, controlling for

time-invariant characteristics such as their sector and region.

Table 2 presents regression results for the turnover growth variable. Column (1) shows

the results of the simplest version of equation (1), a regression of year on year turnover growth

on the `post-March' dummy controlling for �rm �xed e�ects.18 The coe�cient estimate

suggests that for the average SME, turnover growth was around 30 percentage points lower

in the period from April 2020 to December 2020 than it was before the pandemic occurred.

Column (2) includes a richer set of lockdown dummies, which allow us to compare di�erent

sets of public health measures to one another. Note that the coe�cient estimates implicitly

represent e�ects that are measured relative to the period before April 2020. These estimates

suggest that the �rst national lockdown, which came to an end in June 2020, was the most

severe in terms of its impact on SME turnover growth. The other sets of public health

measures were less severe and relatively similar to one another in terms of impact. Even in

periods from April 2020 onward when there were no public health measures being applied,

SME turnover and cost growth were both around 30 percentage points lower than in periods

before the pandemic. Columns (3) and (4) run the same regressions but with a di�erent

dependent variable, year on year costs growth. Note these coe�cient estimates should be

interpreted as event study correlations and not causal e�ects of the public health measures

per se.

18See Gaure [2013] for details on the R command we use.
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Table 2: Baseline regression estimates for average lockdown impact

Dependent variable:

Turnover growth

(1) (2) (3)

Costs growth

(4)

Post-March 2020

National lockdown 1 (Q2 2020)

National lockdown 2 (Q4 2020)

Local lockdowns

Tier 1

Tier 2

Tier 3

Post-March 2020, no restrictions

−0.332∗∗∗

(0.0004)
−0.358∗∗∗

(0.001)
−0.291∗∗∗

(0.001)
−0.316∗∗∗

(0.003)
−0.310∗∗∗

(0.001)
−0.315∗∗∗

(0.001)
−0.292∗∗∗

(0.002)
−0.320∗∗∗

(0.001)

−0.325∗∗∗

(0.0003)
−0.356∗∗∗

(0.001)
−0.260∗∗∗

(0.001)
−0.284∗∗∗

(0.002)
−0.318∗∗∗

(0.001)
−0.342∗∗∗

(0.001)
−0.335∗∗∗

(0.002)
−0.299∗∗∗

(0.001)

Firm �xed e�ects
Observations

Y es
43,442,410

Y es
37,714,382

Y es
46,222,428

Y es
40,123,098

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Figure 2 explores the monthly impacts of the Covid-19 crisis in more detail. Speci�cally,

it presents coe�cient estimates and 99% con�dence intervals from a regression that contains

a full set of month dummies for all months in 2020, controlling for �rm �xed e�ects. The

�gure plots results for di�erent dependent variables, as in table 2. The �gure shows that

there was a large fall in turnover growth for the average SME from April 2020 onward,

relative to the period before. The impact troughed in May 2020 at around a 40 percentage

point drop and had not returned to the January 2020 level even by December 2020. Costs

growth fell substantially, in line with turnover growth, supporting cash �ows. When turnover

growth dropped in April 2020, costs growth fell by even more. By June 2020 the impact

on costs growth was smaller than the impact on turnover growth, implying some cash �ow

pressure for the average SME. Over the period as a whole, turnover growth and cost growth

moved roughly in line with one another, implying that the average SME managed to o�set

the large reduction in turnover by reducing outgoings to maintain cash �ows.
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Chart shows the estimated coefficients on month dummies in 2020 in a regression as in equation (1), 
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Figure 2: Estimated coe�cients on month dummies for 2020

All of the analysis presented up to this point should be interpreted as referring to the ex-

perience of the average SME. We now explore �rm heterogeneity by estimating how di�erent

types of SMEs performed. Speci�cally we interact the `post-March' dummy with di�erent

sets of dummy variables, denoted Z, that re�ect lagged �rm characteristics, such as their

sector or region:

turnovergrowthi,t = βpostMarchi,t ∗ Zi,t−1 + vi + εi,t (2)

In the next few sub-sections we present the results of this heterogeneity analysis. All of

the results are based on the regression speci�cation in equation (2). There is more analysis

of �rm-level heterogeneity in Appendix A.

3.2 Sectoral heterogeneity

The Covid-19 shock and the public health measures had very di�erent impacts on �rms

in di�erent sectors. We use information obtained from Companies House to identify the

sector in which each SME operates. We use this information to create a variable that takes a

value of 1 if a �rm operates in a sector that is highly exposed to social distancing, which we

refer to as a `social sector'. This includes businesses in the non-food retail sector, passenger

transport, hospitality, arts and leisure and personal care. We follow Joyce and Xu [2020]
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in determining the most exposed sectors. These are the businesses that we would expect to

face the biggest direct impact of the lockdowns on turnover.

Figure 3 presents the results of the sectoral analysis. The coe�cient estimates on the

chart should be interpreted as estimates of the average year on year growth in turnover or

costs for SMEs in each of the sectors, relative to the period before April 2020. As expected,

there was signi�cant sectoral heterogeneity in the turnover reduction. The average SME in

the Arts and Recreation sector saw more than a 40 percentage point reduction in turnover

growth year on year, compared to only around a 10 percentage point reduction for the average

SME in the Agriculture sector. This pattern is borne out in the `social sector' variable too.

The costs e�ects imply that there was signi�cantly less heterogeneity in terms of impacts

on cash �ow growth. Most sectors saw a large fall in costs growth as turnover growth fell.

Some sectors, such as Real Estate, actually managed to cut costs growth by more than their

fall in turnover growth on average.
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Chart shows the estimated coefficients on sector dummies interacted with 'post−March' 
dummy in a regression as in equation (2), with different dependent variables. Lines show 
99% confidence intervals (standard errors are typically very small).

Figure 3: Estimated coe�cients on sector interaction terms
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3.3 Geographical heterogeneity

There is likely to have been substantial regional variation in how the Covid-19 shock

played out. We have used information on the business address of SMEs to analyze this

dimension.19. Postcodes allow us to match each SME to their NUTS 1 region of the UK

e.g. London. We also analyzed regional heterogeneity based on the characteristics of the

local area in which they operate. Analysis of SME performance in the US by Chetty et al.

[2020] suggested that SME revenues fell by more in areas where higher income people tend

to live, perhaps because they cut their spending on local goods and services by more than

lower income people. To extend this analysis we used data on the deprivation of local areas

in England, which measures living conditions in di�erent areas of England.20 Around half of

the index weight is placed on income and employment, with the other half capturing factors

like health and education. This allowed us to identify more and less a�uent lower layer

super output areas within regions (there are around 50,000 of these small areas in total).

Figure 4 presents the results of the regional analysis. This shows that there was some

geographical heterogeneity in the impact on turnover growth, although less than for sectors.

At one end of the spectrum, the average SME in Scotland or London faced around a 35

percentage point reduction in turnover growth over the April 2020 to December 2020 period

compared to the period before the shock. At the other end, the average SME in Northern

Ireland faced around a 25 percentage point reduction. There is also some evidence that the

turnover shock was slightly more severe in the most a�uent parts of the country, where

incomes and employment levels are highest, although this e�ect appears to be small. The

picture for costs growth is similar.

19In some instances we have �lled in missing information using the address of the �rm headquarters, which
is recorded in Companies House

20Note this means that the analysis of deprivation levels leads to us losing information on businesses in
Northern Ireland, Scotland and Wales.
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Figure 4: Estimated coe�cients on sector interaction terms

3.4 Firm age heterogeneity

Figure 5 presents analysis of the impact of the Covid-19 shock by �rm age. We have

used information from Companies House on the incorporation date of companies to compute

their age in years. We split this into deciles by ranking �rms from youngest to oldest. The

chart shows a clear relationship between age and turnover growth during Covid-19. The

youngest SMEs in the bottom decile of the age distribution faced around a 45 percentage

point reduction in turnover growth relative to the period before the shock. The SMEs in

the top decile of the distribution, which are more than 20 years old on average, faced only a

20 percentage point reduction in turnover growth. The gap between the turnover and costs

dots on the chart shows that the youngest SMEs appear to have had the smallest cash �ow

hits in relative terms on average, perhaps because they were particularly well supported by

government policy.
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Chart shows the estimated coefficients on firm age dummies interacted with 'post−March' 
dummy in a regression as in equation (2), with different dependent variables. Lines show 
99% confidence intervals (standard errors are typically very small).

Figure 5: Estimated coe�cients on �rm age interaction terms

3.5 Firm size heterogeneity

Figure 6 presents analysis of the impact of the Covid-19 shock by �rm size. We have used

historical data on average annual turnover for each �rm to identify smaller and larger SMEs.

The smallest SMEs appear to have had the smallest impact on turnover growth during the

Covid shock. The largest SMEs had the most negative impact, although there are relatively

few of these in our data set. The second most severely a�ected group of SMEs were those in

the ¿100,000 to ¿1 million turnover bracket. There is some evidence that the largest SMEs

managed to reduce their costs by more than smaller SMEs.
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Figure 6: Estimated coe�cients on �rm size interaction terms

4 Government-guaranteed loan schemes

In this section we analyze the probability of obtaining a BBLS loan, using a probit

model. By the end of January 2020 the o�cial government statistics suggested that around

1.5 million businesses had borrowed a total of around ¿45 billion under the BBLS scheme.

We attempted to identify the borrowers in the credit reference agency data set. In the �rst

instance we identi�ed �rms that had taken BBLS loans using a loan-level supervisory data

set acquired from 15 major UK banks in August 2020, which covers 90% of loans issued

under the scheme by that date. This gave us around 600,000 observations among the limited

companies that appear in the credit reference agency data set. We added to this based on

identifying all �rms that borrowed any amount up to ¿50,000 (the BBLS scheme limit) after

May 2020, when the scheme opened (this gave around another 100,000 �rms).

We analyzed similar �rm characteristics to those in the previous section (see Appendix

A for the regression tables). Speci�cally, we �tted the following probit model:
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P (TookOutBBLSloan) = Φ[α + β1(turnovergrowthin2020i) + β2(sizebracketi) + β3(regioni) +

β4(sectori) + β5(agequintilei) + εi]

(3)

Figure 7 shows that the probability of taking out a BBLS loans varies by �rm size, region

and sector. We found signi�cant variation across sectors, with the e�ects on the chart shown

relative to Real Estate, which had a relatively low probability of taking BBLS loans. The

sectors which were most directly impacted by the lockdowns, namely Accommodation and

Food, Transport and Storage, Wholesale and Retail were the most likely to have used BBLS.

Looking at the impact of regions, relative to London, we found much less regional variation,

controlling for sector. The smallest �rms, as measured based on their 2019 turnover, were

least likely to use the scheme, closely followed by very large SMEs. Firms in the North

(North West and North East) were the most likely to have taken a BBLS loan, whereas

those in Northern Ireland were the least likely. We also found a linear e�ect of age, with the

oldest companies (higher quintiles) least likely to use the BBLS.

We also analyzed the probability of taking a BBLS loan as a function of turnover growth

in 2020.21 This reveals an inversed U-shape, where the �rms in the bottom and top deciles

of the growth distribution in 2020 were the least likely to take out BBLS loans.

21We have removed the entries where turnover growth was exactly zero, which are likely to be errors in
the underlying data.
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Figure 7: Estimated marginal e�ects from BBLS probit model

5 Machine learning models

The quality of our conclusions is reliant on the quality of the models we use. In prior

sections we used traditional regression models to analyze �rm-level correlations, �tting the
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entire data set to the model. While this approach is appropriate for our analysis, in this

section we explore machine learning models, to evaluate whether they more accurately rep-

resent the data and its patterns. Furthermore, in linear regressions it is often very di�cult

to analyze individual companies, while machine learning models o�er tools to do this.

Unlike regressions, a typical machine learning approach involves separating the data into

a training and a testing subset. The training subset is used for aiding the algorithm to

'understand' the patterns in the data itself, con�guring the machine learning algorithm in

the process. Afterwards, the con�gured algorithm is evaluated on the testing subset of the

data, to determine how well it had �t the data. The core bene�t of a model that �ts the data

well and is robustly tested on out of sample data is the fact that conclusions derived from

this model are reliable, whether related to retrospective understanding of the phenomena

in the data, or future forecasting. We have experimented with several di�erent machine

learning algorithms, to understand which approach provides a better �t to the data. Each

of the algorithms is trained on 80% of the data set, and tested on the remaining 20%. The

split regarding which rows are to be used for training or testing is done randomly. A similar

methodology was used in Bluwstein et al. [2020].

We have run experiments using the following machine learning algorithms: Random

Forest, Support Vector Machines, Ada Boost [Pedregosa et al., 2011]. We have chosen

these algorithms as they represent su�ciently varied approaches in a methodological sense.

Random Forests are an expansion of the traditional decision tree algorithm, which splits

the data according to di�erent nodes in the tree, supporting decision making. An ensemble

model of numerous decision trees makes a random forest. Decision trees have been widely

known as a robust mechanism for a variety of classi�cation and regression problems. The

power of decision tress is only enhanced by their joined combination within ensemble models

such as Random Forests, where each tree depends on values of randomly sampled subsets

which maintain the same distribution for all trees in the forest. After the creation of the

forest of decision trees, the �nal result stems from a majority vote among each of the speci�ed

trees. Random Forests have found numerous uses both in economics [Suss and Treitel, 2019]

and computer science [Pal, 2005]. Support Vector Machines are similar to Linear Regression

models in the sense that they attempt to produce a hyper-dimensional plane to split the

data more meaningfully. Finally, Ada Boost is an example of boosting algorithms, which,

like Random Forests, also focus on ensembles of smaller models, however in each iteration
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of generating a new model, the algorithm uses data points which are likely to have been

misclassi�ed in the previous iterations, thus boosting the algorithm's performance.

We use these algorithms to evaluate the �t to the data when classifying whether com-

panies took out BBLS loans or not, and also evaluate the models for their performance

regarding inference only, focusing on out of sample data. To perform this evaluation, we

use di�erent errors such as Accuracy, Precision, Recall, F1-micro, and F1-macro [Powers,

2020]. These are standard errors typically used to evaluate classi�cation problems as they

evaluate the di�erences between the true value and its predicted counterpart. The results

from the classi�cation of whether companies took out a BBLS loan are presented in table 3.

All three models perform very similarly, with Random Forest o�ering the highest accuracy.

This implies that Random Forest �ts the data better than the other two algorithms. Machine

learning approaches in general can also help us understand the interactions between di�erent

variables, which is not always very straight-forward when applying traditional regressions.

Table 3: Machine Learning algorithms applied for classi�cation of whether companies took
out a BBLS loan

Random Forest SVM Ada Boost

Accuracy 0.670 0.663 0.682
F1-Micro 0.670 0.663 0.682
F1-Macro 0.767 0.748 0.722
Precision 0.935 0.895 0.800
Recall 0.670 0.663 0.682

This table presents the results of an evaluation of three machine learning algorithms using dif-

ferent performance metrics. Values are in the range 0 to 1, with 1 indicating the best performance.

Random Forest models allow us to rank all variables based on their contribution to

explaining whether or not a �rm has taken out loans. Bholat et al. [2017] describes how

Random Forest models work in more detail. Figure 8 presents the results of this analysis,

suggesting that the strongest predictor of whether or not a �rm has taken out a loan is

its size. Firms with turnover between ¿100,000 to ¿1 million are most likely to take out a

loan. Firms in the Food and Beverage serving sector have also been highly a�ected by the

pandemic and have thus been in greater need of loans.
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Specialised construction activities
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deprivation_quintile

Activities of head offices; management consultancy activities
Computer programming

Retail trade
Wholesale and retail trade and repair of motor vehicles

Goods-producing activities of private households for own use
Food and beverage service activities

Other professional activities
Real estate activities

Other personal service activities
Financial service activities

Important features

Figure 8: The importance of variables in the machine learning model

This �gure plots estimates of the importance of each variable from a Random Forest model.

Shapley values [Joseph, 2020] are also a powerful tool for examining individual compa-

nies. Figure 18 in the appendix o�ers a visual representation of the use of Shapley values

for determining whether examples of dummy �rm has received a BBLS loan or not. The

likelihood of the �rst �rm receiving a BBLS loan is 0.31. The �gure shows how di�erent

variables and their values contribute positively or negatively towards a higher or lower prob-

ability. For example, the fact that the �rm's turnover is between ¿100,000 to ¿1 million is a

strong predictor of the �rm taking out a BBLS loan, however the stacked variables against

a BBLS loan (being in the 5th age quintile, the Manufacturing industry, etc.) all contribute

to lowering the probability.

6 Conclusions and next steps

Central banks around the world are beginning to make more use of novel big data sources

to inform policy [Doerr et al., 2021]. This paper introduces a data set to track the perfor-

mance of 2 million UK SMEs in the aftermath of the Covid-19 shock. The data comes

from the SME portfolios of major UK banks and is delivered con�dentially to the Bank of

England via Experian, a private sector information services company. Unlike most papers

on the corporate sector in the literature, the data contains information on very small �rms,

which were particularly exposed to the Covid-19 shock.

We apply this new data to document a few important facts on the performance of UK
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SMEs through the Covid-19 crisis. There was a steep decline in turnover growth when

the shock �rst took hold in April 2020, with a trough in May 2020. Even by December

2020, the latest data point that we analyze in this paper, the average SME had not yet

recovered fully. There was signi�cant heterogeneity across �rms, with the youngest �rms

in consumer-facing sectors in Scotland and London facing the largest declines in turnover

growth. Cash �ow growth declined by much less than turnover growth for the average

�rm and showed less heterogeneity across �rms, helped by cost cutting and substantial

government support, including through the Coronavirus Job Retention Scheme (CJRS). The

government-guaranteed loans were available to all SMEs but in practice were more likely to

be extended to mid-sized SMEs (¿100,000 to ¿1 million), those located in the north of

England, younger �rms, those with average turnover growth in 2020, and those in sectors

particularly impacted by the lockdowns.

The data we have presented in this paper will be useful for future research and monitoring

of UK SMEs as we emerge from the Covid-19 crisis. There are a number of potential angles

for further analysis, including: the scarring e�ects of the crisis; zombi�cation caused by the

cheap credit that has been extended; relationships between banks and �rms and how they

a�ect credit provision; and any signs of distress that show up through missed payments and

defaults on debt products. The granularity of the data should allow for broader and deeper

insights into SME performance than much of the existing literature.
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Appendices

A Additional charts and tables

Figure 9: Comparison of SME turnover growth with aggregate data
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Table 4: Summary statistics, �rm-level growth

Turnover growth

Pre-March 2020 Post-March 2020

Mean -0.04 -0.21
Median 0 -0.12

10th percentile -1.98 -2
25th percentile -0.62 -1.11
75th percentile 0.55 0.5
90th percentile 1.73 1.57
Observations (m) 30.7 12.75

Firms (m) 1.87 1.75

Transport and Storage

Real Estate

Utilities

Agriculture

Wholesale and Retail

Construction

Public Admin

Manufacturing

Admin and Support

Information and Communication

Professional and Scientific

Finance and Insurance

Other services

Mining and Quarrying

Human health

Education

Accommodation and Food

Arts and Recreation

−0.3 −0.2 −0.1 0.0
Median turnover growth

S
ec

to
r

The diamonds show median growth by sector in January 2020.
The bars show May 2020.

Figure 10: Median turnover growth by sector in January 2020 and May 2020
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Figure 11: Median turnover growth by area in January 2020 and May 2020
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Figure 12: Proportion of �rms by area that have taken out a BBLS loan
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Figure 13: Proportion of �rms by sector that have taken out a BBLS loan
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Targeted

Tier 1

Tier 2

Tier 3

Lockdown 2

Lockdown 1

−0.6 −0.4 −0.2 0.0
Estimate

Costs

Turnover

Chart shows the estimated coefficients on lockdown dummies in a regression as in equation (1), 
with different dependent variables. Lines show 99% confidence intervals (standard errors are typically very small).

Figure 14: Estimated coe�cients on lockdown dummies for 2020

Leverage

−0.6 −0.4 −0.2 0.0

(High leverage) 5

4

3

2

(Low leverage) 1

Estimate

Costs

Turnover

Chart shows the estimated coefficients on leverage quintile dummies interacted with 'post−March' 
dummy in a regression as in equation (2), with different dependent variables. Lines show 
99% confidence intervals (standard errors are typically very small).

Figure 15: Estimated coe�cients on leverage interaction terms
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Table 5: Estimated coe�cients from BBLS probit model

(1)

Dependent variable:

TookOutBBLSloan

(2)

size_cut>25m
size_cut0.1 - 1m
size_cut1 - 10m
size_cut10 - 25m
turnover_growth_2020_decile02
turnover_growth_2020_decile03
turnover_growth_2020_decile04
turnover_growth_2020_decile05
turnover_growth_2020_decile06
turnover_growth_2020_decile07
turnover_growth_2020_decile08
turnover_growth_2020_decile09
turnover_growth_2020_decile10
East Midlands
East of England
North East
North West
Northern Ireland
Scotland
South East
South West
Wales
West Midlands
Yorkshire and The Humber
Accommodation and Food
Admin and Support
Agriculture
Arts and Recreation
Construction
Education
Finance and Insurance
Human health
Information and Communication
Manufacturing
Mining and Quarrying
Other services
Professional and Scienti�c
Public Admin
Transport and Storage
Utilities
Wholesale and Retail
age_quintile2
age_quintile3
age_quintile4
age_quintile5
deprivation_quintile2
deprivation_quintile3
deprivation_quintile4
deprivation_quintile5
social_distancingsocial_distancing
Constant

−0.166∗∗∗ (0.026)
0.388∗∗∗ (0.002)
0.423∗∗∗ (0.004)
0.032∗∗ (0.014)
0.326∗∗∗ (0.005)
0.415∗∗∗ (0.005)
0.453∗∗∗ (0.005)
0.453∗∗∗ (0.005)
0.437∗∗∗ (0.005)
0.406∗∗∗ (0.005)
0.484∗∗∗ (0.005)
0.445∗∗∗ (0.005)
0.204∗∗∗ (0.005)

−0.056∗∗∗ (0.004)
−0.085∗∗∗ (0.004)

0.036∗∗∗ (0.006)
0.014∗∗∗ (0.004)

−0.143∗∗∗ (0.008)
−0.050∗∗∗ (0.005)
−0.114∗∗∗ (0.003)
−0.118∗∗∗ (0.004)
−0.070∗∗∗ (0.006)
−0.032∗∗∗ (0.004)
−0.025∗∗∗ (0.004)

0.535∗∗∗ (0.006)
0.161∗∗∗ (0.005)
0.048∗∗∗ (0.012)
0.117∗∗∗ (0.007)
0.358∗∗∗ (0.005)

−0.016∗ (0.008)
−0.109∗∗∗ (0.008)

0.058∗∗∗ (0.006)
−0.183∗∗∗ (0.005)

0.275∗∗∗ (0.006)
−0.171∗∗∗ (0.024)

0.213∗∗∗ (0.005)
−0.127∗∗∗ (0.005)

0.076∗∗∗ (0.025)
0.477∗∗∗ (0.006)
0.179∗∗∗ (0.013)
0.375∗∗∗ (0.005)
0.052∗∗∗ (0.003)

−0.014∗∗∗ (0.003)
−0.121∗∗∗ (0.003)
−0.146∗∗∗ (0.003)

−0.941∗∗∗ (0.006)

−0.117∗∗∗

0.404∗∗∗

0.480∗∗∗

0.110∗∗∗

0.323∗∗∗

0.428∗∗∗

0.473∗∗∗

0.472∗∗∗

0.464∗∗∗

0.437∗∗∗

0.519∗∗∗

0.463∗∗∗

0.219∗∗∗

0.032∗∗∗

−0.044∗∗∗

−0.164∗∗∗

−0.157∗∗∗

−0.083∗∗∗

−0.187∗∗∗

−0.263∗∗∗

−0.353∗∗∗

0.275∗∗∗

−0.709∗∗∗

(0.028)
(0.002)
(0.004)
(0.015)
(0.005)
(0.005)
(0.005)
(0.005)
(0.005)
(0.005)
(0.005)
(0.005)
(0.005)

(0.003)
(0.003)
(0.003)
(0.004)
(0.004)
(0.003)
(0.004)
(0.004)
(0.003)
(0.005)

Observations
Log Likelihood
Akaike Inf. Crit.

1,760,814
-1,099,692.000
2,199,475.000

1,586,604
-1,002,390.000
2,004,826.000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Turnover Growth 2020 decile 10

Turnover Growth 2020 decile 09

Turnover Growth 2020 decile 08

Turnover Growth 2020 decile 07

Turnover Growth 2020 decile 06

Turnover Growth 2020 decile 05

Turnover Growth 2020 decile 04

Turnover Growth 2020 decile 03

Turnover Growth 2020 decile 02

Social Distancing (Yes)

Firm Size > £25m

Firm Size £10m − £25m

Firm Size £1m − £10m

Firm Size £0.1m − £1m

Deprivation quintile 5

Deprivation quintile 4

Deprivation quintile 3

Deprivation quintile 2

Age quintile 5

Age quintile 4

Age quintile 3

Age quintile 2

−0.1 0.0 0.1 0.2
Marginal effect
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rm

Chart shows the marginal effects of independent variables (colours). 
Lines show 99% confidence intervals (standard errors are typically very small). 
Base categories are: Age quintile 1; Deprivation quintile 1; Firm Size £0−£0.1m; Social Distancing (No); Turnover Growth 2020 decile 01.

Figure 16: Estimated marginal e�ects from BBLS probit model
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gini = 0.407
samples = 583915

value = [661417, 262483]
class = b

gini = 0.493
samples = 300133

value = [264934, 209656]
class = b

gini = 0.499
samples = 13151

value = [9912, 11026]
class = b

gini = 0.5
samples = 6492

value = [5084, 5138]
class = b

gini = 0.21
samples = 2509

value = [3486, 473]
class = b

gini = 0.448
samples = 36

value = [39, 20]
class = b

gini = 0.3
samples = 1561

value = [1985, 447]
class = b

gini = 0.058
samples = 5367

value = [8272, 255]
class = b

size_cut_0.1 - 1m <= 0.5
gini = 0.447

samples = 884048
value = [926351, 472139]

class = b

deprivation_quintile <= 3.5
gini = 0.499

samples = 19643
value = [14996, 16164]

class = b

size_cut_1 - 10m <= 0.5
gini = 0.215

samples = 2545
value = [3525, 493]

class = b

age_quintile <= 2.5
gini = 0.12

samples = 6928
value = [10257, 702]

class = b

2_digit_sic_45 <= 0.5
gini = 0.45

samples = 903691
value = [941347, 488303]

class = b

deprivation_quintile <= 2.5
gini = 0.147

samples = 9473
value = [13782, 1195]

class = b

2_digit_sic_98 <= 0.5
gini = 0.448

samples = 913164
value = [955129, 489498]

class = b

Figure 17: An example of a �tted decision tree

Figure 18: Shapley values for an individual dummy �rm

This �gure visualizes the importance of each variable using Shapley values. The total sum of the

importance of all variables is 1.

B Data cleaning process

The initial data set we acquired from the credit reference agency consists of two �les,

covering transactions and accounts. The raw data set is stored in a very large CSV �le, from
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which we produced tables to query subsets. Due to the size of the data set, we used Spark

big data technology for all of our transformations of the data. The accounts �le contains

descriptive information on all accounts that companies have with all of their banks, while

transactions contains monthly reports from all of the accounts within the accounts data set.

The data in its raw form is relatively messy. Accounts are often reported on di�erent days

in the month, companies have multiple accounts with multiple banks and loan accounts and

current accounts appear in the same data set.

We produced a standardized version of the data set in the form of an unbalanced �rm-level

panel, which required several transformations, including:

1. Identify all current accounts for limited companies.

2. Identify all debt accounts for limited companies.

3. Make a column signifying the total sum of loans taken out in each month. Aggregate

by �rm and month.

4. Aggregate current account �ow and stocks information for the same �rm where di�erent

banks have reported on exactly the same date.

5. Combine loan and current account �ow information by month where not reported on

exactly the same date, using the latest current account report after a �rm takes out a

loan.

6. Merge in additional information about the �rm from Companies House data set.

7. Smooth �ow variables by weighting according to the portion of the �ow that came in

each month. For example, a �ow that covers 15 days in March and 15 days in April

would be split in half and allocated to March and April.

8. Aggregate all variables by �rm (so that �rms with multiple accounts have one entry).

C Representativeness of data

We can use aggregate metrics to compare the coverage of the data to other sources of

information on UK SMEs. Note that there is no commonly-shared de�nition of SMEs so
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these comparisons are all approximate. The Business Population Estimates (BPE) suggest

that there are around 6.0 million SMEs with total turnover of ¿2.2 trillion. This is based on

a de�nition that includes all businesses with fewer than 250 employees. The data set we use

in the paper has high coverage of limited companies by number and slightly less than half

by turnover as of end-2019. It has lower coverage of non-limited companies e.g. sole traders,

which we exclude from our analysis in this paper.

Table 6: Representativeness, number of �rms and turnover

Aggregate data) data set

Limited Non-limited Total Limited Non-limited Total

Number (million)
Turnover (¿ trillion)

2.0
1.7

4.0
0.5

6.0
2.2

1.98
0.78

0.960
0.084

2.94
0.864

UK Finance collect information from large banks on total SME deposits, de�ning SMEs

based on a ¿25 million turnover threshold. It suggests that SME deposits totaled around

¿200 billion, with current account balances accounting for ¿117 billion of this. The data set

we use in the paper covers around two thirds of total SME deposits in the end-2019 data.

Table 7: Representativeness, current account balances

Aggregate data data set

Current accounts Total Limited Non-limited Total

Cash (¿ billion) 117 200 70 8 78

D Construction of lockdown variables

The national lockdown, tiers and local lockdown variables are based on the geographical

location of �rms and the point in time. The geographical location corresponds to the local

authority district the policies were implemented in and the time dimension is monthly. We

focused this part of the analysis on England because Scotland, Wales and Northern Ireland

had di�erent policies and the bulk of the �rms in the data set are located in England.
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• We constructed the national lockdown variable based on the dates of the �rst and

second lockdowns according to government statements. We applied them to all local

authorities in England for the months they were in force. They are shown in the red

shaded areas in �gure 19.

• The tier system was introduced for the months of October to December 2020 and

di�erent levels of restrictions applied at the local authority level. Figure 19 shows the

proportion of the English population were under each tier at each point in time.

• We de�ne `targeted' local lockdowns as those that came before the tier system in

October 2020. They include cities such as Leicester and Manchester, which had speci�c

measures that were stricter than the rest of England at the time. Around 25 di�erent

local authorities faced `targeted' local lockdowns. However, it is important to note

that these local lockdowns di�ered in severity e.g. in Leicester non-essential shops were

all closed but in Birmingham the measure only restricted the number of people that

could meet.

Given the turnover data we used in our analysis was at monthly level, we used a simple

approach to record lockdown measures by month. If more than half of the days in a given

month came with lockdown restrictions, we coded that month to the lockdown variable for

all �rms in that area.

Figure 19: UK public health measures since January 2020
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