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1. Overview

1.1. A Formula for the Contribution of Policing to
Output

We start with an equation describing the economic activity in a neighbourhood, denoted
by subscript n, as

Outputn = An ×Kα
n × Lβ

n.

This production function1 states that business output in a neighbourhood n is determined
by the amount of capital available (denoted by Kn) and the amount of labour available
(denoted by Ln). The parameters α and β tell us the percentage change in output asso-
ciated with a 1% change in capital/labour.

The remaining term, An, reflects all other characteristics of a neighbourhood which affect
output, commonly known as the neighbourhood-specific productivity parameter. One of
these characteristics is neighbourhood crime. To account for this we write the term An

as
An = an × Cn

λ,

where Cn is the intensity of crime in neighbourhood n (in practice we measure this as the
reported crimes per worker) and λ tells us the percentage change in output associated
with an increase in crime of one percent. The term an reflects all other factors that may
influence neighbourhood output.

This framework provides us with a way of thinking about how policing contributes to
neighbourhood crime. Say that a one percent increase in policing reduces crime by θ

percent. For example, the state of the art estimates provided in Draca, Machin, and Witt
2011 find that a one percent increase in UK policing decreases crime by 0.38 percent. We
write a hypothetical level of crime, in which policing is increased by X percent, as

C̃n = (1−Xθ)Cn.

1This specification is commonly known as the Cobb-Douglas production function. It is the workhorse
model of output for many applications in economics.
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Given this, we can determine the effect of a X percent increase in policing on neighbour-
hood output by looking at the ratio of output with the hypothetical crime level to actual
output:

Output(C̃n)

Output(Cn)
=

an × ((1−Xθ)Cn)
λ ×Kα

n × Lβ
n

an × Cn
λ ×Kα

n × Lβ
n

= (1−Xθ)λ.

Therefore, the effect of policing on business output can be quantified if we know the values
of θ and λ. Written in English, this equation states that

Police impact on output = (1− impact of policing on crime)(impact of crime on business).

Once we know θ and λ, to calculate the police contribution to output, in monetary terms,
from a X% increase in policing in neighbourhood n, we can calculate

Contribution of X% Policing in n = (1−Xθ)λOutputn−Outputn = ((1−Xθ)λ−1)Outputn

In our preferred specification, we allow the impact of crime on output, λ, to vary according
to the concentration of economic activity in n. Denoting the value of λ for economic
activity o as λo, we calculate the policing contribution as the weighted sum according to
the amount of activity taking place in n.2 Letting ωon be the contribution of activity o to
neighbourhood n’s output, such that

∑
o ωon = 1, the calculation of the police contribution

becomes:

Contribution of X% Policing in n =
∑
o

[
ωon((1−Xθ)λo − 1)Outputn

]
(1.1)

Finally, to calculate the aggregate contribution of policing, for all neighbourhoods, we
can simply add this quantity up across all neighbourhoods to get the total contribution
of policing:

Contribution of X% Policing =
∑
n

∑
o

[
ωon((1−Xθ)λo − 1)Outputn

]
. (1.2)

Using this formula, and given the parameters λo, ωon, and θ, and the variable Outputn, we
can calculate the contribution of a X% increase in policing to output. ωon and Outputn

can be readily calculated using the available data, and the value of θ will come from a
previous study (Draca, Machin, and Witt 2011). Estimating the value of the effect of
crime on output, λo, is the key focus of this report.

2In the main text these activities are High Street, Retail Park, Industrial, Office Based Services,
Rural, and Public Sector.
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2. Data

The analyses in this study involves using data at several geographic levels. The primary
analysis of crime data is done at the neighbourhood level, which are defined as Lower Super
Output Areas (LSOA). These are census areas with an average residential population of
around 1,500 people. LSOAs are entirely nested within relevant higher-level geographies
used in this study including Middle Super Output Areas (MSOA), which we refer to as
the wider neighbourhood, Local Authority Districts, and Police Force Areas.

LSOAs change over time following new census information to ensure that areas are roughly
similar in population. LSOAs used in this study are set to 2011 boundaries.

Data Source Comments
Lower super output
level boundaries

Office for National Statistics LSOA shape files for creat-
ing maps

2.1. Output

Our key outcome measure is local area output, measured by Gross Value Added. These
data are only available for England. Data are published by the Office for National Statis-
tics, and are made publicly available through the Nomis website.

Data Source Comments
Gross Value Added Nomis Annual output for each

LSOA.
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2.2. Crime

National crime data come from DATA.POLICE.UK, a publicly available data source about
crime and policing in England and Wales. It includes monthly observations about street-
level crime. We aggregate this data to the LSOA-year level, and created a balanced panel
at this LSOA-level. From the individual crime types recorded in this data, we create 5
crime types: property (bicycle theft, burglary, criminal damage and arson, other theft,
shoplifting, theft from the person, and vehicle crime); violence (possession of weapons,
public order, robbery, violence and sexual offences, and public disorder and weapons);
anti-social behaviour; drugs; and other crime. We use data spanning the period 2012–
2023 inclusive.

Data Source Comments
Reported crimes DATA.POLICE.UK Street-level crime.

2.3. Capital Proxies and Worker Data

Capital Proxies. As a proxy for the capital inputs in economic activity, we use the
amount of commercial floor space available in an LSOA. These data are made publicly
available through the Valuation Office Agency’s collection of Non-domestic rating: busi-
ness floorspace statistics. These data provide information on the floorspace of a range of
properties liable for business rates in England and Wales. Floorspace is also separated
out according to use: retail, office, industrial, and other.

Employment counts. We collect data on the number of people working in each LSOA.
These data reflect annual estimates from the Business Register and Employment Survey,
and are made publicly available through the Nomis website.

Data Source Comments
Commercial floor
space

Valuation Office Agency Floorspace (m2) for retail,
office, industrial, and other
commercial activity.

Employment counts Nomis Annual estimates of em-
ployees working in each
LSOA.
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We characterize the commercial environment of each LSOA using the Business Regis-
ter and Employment Survey (BRES), which reports workplace employment by industry
at LSOA level. We use the standard 18-industry classification, derived from SIC 2007
sections (some sections are aggregated, section G is split into motor trades, wholesale,
and retail). Because BRES reporting changes substantially from 2015, and to obtain a
pre-pandemic baseline, we use the 2015–2019 waves and take the LSOA-level mean em-
ployment in each industry over this window. We convert these to employment shares:
for each LSOA, the share of an industry is its mean employment divided by total mean
employment across all 18 industries, so the shares sum to one by construction.

We then aggregate the 18 industries into six categories chosen to distinguish spatial-
commercial contexts relevant to crime exposure.

• High street comprises retail, accommodation and food services, and arts, entertain-
ment and other services — small-format, footfall-dependent activity.

• Retail park comprises motor trades, wholesale, and transport and storage — larger-
format, car-accessed sites.

• Industrial and production comprises manufacturing and construction.

• Office-based comprises information and communication, financial and insurance,
property, professional services, and business administration and support — activity
with limited public access.

• Rural comprises agriculture, forestry and fishing, and mining, quarrying and utili-
ties.

• Public sector comprises public administration and defence, education, and health.

2.4. Companies House Data

We use data from Companies House for analysis of business survival rates across crime
intensity deciles. We describe here the process we followed to clean this data. The two
underlying sources are listed in Table 2.1.

The Companies House Free Company Data Product is a monthly bulk extract of every
company on the UK register. Because it is a single point-in-time snapshot, it contains
only companies live on the snapshot date; companies dissolved earlier do not appear. To
clean the data, we proceed according to the following steps:

7



Table 2.1.: Companies House Data

Data Source Comments
Company register
snapshot

Companies House Free Company
Data Product

Snapshot of all live UK
companies as of 1 May 2026.
One record per company.

Postcode lookup ONS Postcode Directory (ON-
SPD)

Postcode-to-geography
lookup. Used to assign each
company to a 2011 Lower
Layer Super Output Area
(LSOA) from its registered-
office postcode.

1. Load the raw snapshot. The 1 May 2026 extract is read in and reduced to the
fields required: company number, company type, company status, incorporation
date, dissolution date, registered-office postcode, and accounts category.

2. Restrict to active companies. Companies with a status other than “Active”
— for example, in liquidation, in administration, or proposed for strike-off — are
dropped, so the sample reflects genuine going concerns.

3. Restrict to the 2012–2023 incorporation window. Based on incorporation
date, companies founded outside 2012–2023 are dropped, matching the main analysis
period.

4. Restrict to trading corporate forms. The sample is restricted to company types
representing trading businesses – private and public limited companies, limited lia-
bility partnerships, community interest companies, companies limited by guarantee,
and charitable incorporated organisations. Investment vehicles, overseas entities,
and other non-trading legal forms are excluded.

5. Drop non-trading entities. Companies filing dormant accounts, and companies
that have never filed accounts, are dropped, as these are unlikely to represent active
local businesses.

6. Standardise and geocode postcodes. Registered-office postcodes are standard-
ised and invalid or non-UK postcodes dropped. Each company is then matched to
its 2011 LSOA using the ONSPD.

7. Restrict to England Companies at Welsh, Scottish, or Northern Irish postcodes
are dropped. This is done to match the analysis sample, for which GVA data is only
available for England.
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8. Flag formation-agent concentrations. A small number of postcodes and LSOAs
host very large numbers of registered offices because they are used by company-
formation agents rather than reflecting genuine local activity. We drop LSOAs
hosting more than 10,000 registered offices across the 2012–2023 cohorts. This
amounts to seven LSOAs.

9. Aggregate to crime intensity decile-by-year counts. The cleaned company-
level data are collapsed into counts of surviving companies by LSOA crime intensity
decile and incorporation year, producing the panel used to construct the survivor
figures.
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3. Results

3.1. Methodology

3.1.1. Estimates of the impact of crime on business from English
data

Our empirical approach combines data on business output, crime, employment, and prox-
ies for capital. We use data on crime incidence at the neighbourhood-by-year level, where
we define the neighbourhood as an LSOA – a statistical unit comprising on average 672
households. Our choice of the level of spatial aggregation was made to reflect both busi-
ness owners’ and customers’ perceptions of local crime intensity.

We estimate a log-log regression relating local output to capital proxies and business crime
intensity, of the form

lnOutputit = β ln cit + γ′ ln kit + θi + τw×t + εit, (3.1)

where lnOutput it is log gross value added in LSOA i in year t. The vector lnkit =(
ln kR

it , ln k
O
it , ln k

I
it

)′ collects the retail, office, and industrial capital proxies, each nor-
malized by labour and entered in logs. The variable cit is total recorded crime normalized
by labour and entered in logs. We note that crime rates are conventionally expressed per
head of the population at risk; per capita where the relevant population is residents. Be-
cause the focus here is business crime, crime is scaled by the local workforce rather than
by resident population, giving a measure of business crime intensity comparable across
LSOAs of differing size. We additionally include a series of high-dimensional fixed effects.
The term θi is a neighbourhood fixed effect, and τw×t a wider neighbourhood-by-year fixed
effect, where wider neighbourhood is the MSOA. We cluster our standard errors at the
neighbourhood level. The coefficient of interest is β – the elasticity of business output
with respect to crime intensity at the local level.
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3.1.2. Fixed Effect Structure and Identification

The specification is deliberately demanding. The threat to a clean reading of β is not
heterogeneity in general but co-determination: unobserved factors that move local crime
and local output together. The two sets of fixed effects are chosen to sweep out such
factors over as wide a range as the data allow. Because there are roughly five LSOAs
in an MSOA, and the panel is observed at LSOA–year level, the combination of LSOA
and MSOA-by-year fixed effects absorbs a large share of the total variation in the data.
What remains to identify β is well defined: differences in business crime intensity between
LSOAs in the same MSOA in the same year, after netting out each LSOA’s own time-
invariant level.

LSOA fixed effects

The term θi absorbs every time-invariant feature of an LSOA. The features that matter
most for β are the fixed characteristics of the local physical environment, which plausibly
shape both output and the conditions for crime at the same time: the road network, the
built environment, the presence of parks, rivers, or other local attractions. Each of these
can raise or lower an area’s economic activity while simultaneously shaping the opportu-
nities for, and exposure to, business crime—exactly the kind of joint determination that
would otherwise contaminate β. Persistent local deprivation and other durable area traits
correlated with both crime and output are absorbed on the same grounds. Time-invariant
determinants of output alone—long-run industrial composition, fixed infrastructure unre-
lated to crime—are swept out as well, but it is the co-determinants that the LSOA effect
is there to remove. Identification of β therefore uses only within-LSOA variation over
time: each LSOA is compared with itself.

MSOA-by-year fixed effects

The term τw×t absorbs all shocks at the MSOA-by-year. This removes, by construction,
every time-varying co-determinant of crime and output that operates at the wider neigh-
bourhood level or above. The list of such co-determinants is long, and importantly covers
many factors that are difficult to observe in available datasets: the local economic busi-
ness cycle, shifts in local demand and input prices, a major employer opening or closing,
force-wide changes in enforcement or policing priorities, and area-level policy or regener-
ation spending. Each of these can move an MSOA’s economic output and its recorded
crime in the same year and the same direction; left uncontrolled, each would contaminate
β. Because the fixed effect is specific to the MSOA-year, it strips out not only the average
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level of such shocks but their full year-to-year path. With only about five LSOAs per
MSOA, what remains is a stringent comparison: β is identified from differences between
near-neighbour areas that share the same local economy, the same labour market, the
same police force, and the same year. Any shock that hits the MSOA as a whole is
differenced out rather than left in the residual to bias the estimate.

What the structure does not address

The two sets of fixed effects remove co-determinants of crime and output at every level
except one: shocks that fall on a single LSOA, within a single year, and that diverge from
the rest of its MSOA. Because τw×t absorbs anything common to an MSOA in a given
year, the surviving threat is narrow and specifically shaped—not a regional downturn or
a shared local trend, but an idiosyncratic, LSOA-specific event that moves one area apart
from its neighbours. The clearest example is a lumpy change in commercial premises:
a large store, retail park, or distribution centre opening or closing in one LSOA, which
shifts that area’s output and its recorded crime together while leaving the rest of the
MSOA untouched. Two features limit this concern. The capital proxies absorb part of it
directly, since a change in commercial premises is itself a change in measured capital. And
the residual co-movement is positive—more activity, more recorded crime—so where the
estimated association is negative it works against the finding, leaving β conservative rather
than overstated. The identifying assumption can therefore be stated plainly: conditional
on the fixed effects and the capital proxies, no within-MSOA, within-year, LSOA-specific
factor moves business crime and local output together. Under that assumption, β identifies
the effect of business crime intensity on local output; absent it, β remains a strongly
conditioned association—purged of confounders at every level except the most local—and
the premises channel above is the most plausible reason the assumption might not hold
exactly.

3.2. Results

3.2.1. Regression Output in Table Form

In the main report, we present our core estimates in figure form. We here produce the
underlying estimates in table form.
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LSOA Regression Output

Column (1) presents the contemporaneous impact of crime intensity on output. Col-
umn (2) presents the same estimate, but estimated on the distributed lag estimation
sample. As we use three lags, we effectively restrict the data from 2012–2023 to 2015–
2023. The estimates are similar in magnitude. Column (3) presents the distributed lag
estimates. We present these estimates in Figure 5.10 in the main report. These are our
preferred estimates, and those used for our benefit-cost analysis. Column (4) presents
the same estimate as in Column (1), but estimated on the crime type-distributed lag
estimation sample. As we use three lags, we effectively restrict the data from 2012–2023
to 2015–2023. We additionally lose observations as some LSOAs have zero values for
some crime types, and our explanatory variables are in log form. We could have applied
a log+1 approach here, but we opted for a pure log transformation. This means we lose
some observations, but the benefit is we do not make an arbitrary transformation of the
data, as log+1 does. The estimates are slightly more negative, but of broadly similar mag-
nitudes. Column (5) presents the crime type-distributed lag estimates, which we present
in Figure 5.11 in the main report. Column (6) presents the crime-by-industry-distributed
lag estimates, which we present in Figure 5.12 in the main report.

Table 3.1.: LSOA-Level Regressions
(1) (2) (3) (4) (5) (6)

Total Crime Total Crime,
DL Sample

Distributed
Lag (DL),

Total Crime

Total Crime,
CT Sample

Distributed
Lag, Crime
Type (CT)

Distributed
Lag, Total
Crime by
Industry

Total Crime -.0338*** -.0311*** -.0194*** -.0494***
(.00316) (.00258) (.00246) (.00853)

Total Crime, 1y Lag -.0562***
(.00175)

Total Crime, 2y Lag -.0206***
(.00148)

Total Crime, 3y Lag -.00282
(.0018)

Property Crime -.0146**
(.00593)

Property Crime, 1y Lag -.0284***
(.00566)

Property Crime, 2y Lag -.0142***
(.00546)

Property Crime, 3y Lag -.00671
(.00588)

Violent Crime -.0213***
(.00668)

Violent Crime, 1y Lag -.0213***
(.00604)

Violent Crime, 2y Lag -.00463

Continued on next page
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Table 3.1.: LSOA-Level Regressions (continued)
(1) (2) (3) (4) (5) (6)

Total Crime Total Crime,
DL Sample

Distributed
Lag (DL),

Total Crime

Total Crime,
CT Sample

Distributed
Lag, Crime
Type (CT)

Distributed
Lag, Total
Crime by
Industry

(.00581)
Violent Crime, 3y Lag .0128**

(.00547)
Anti-Social Behaviour -.00374

(.00432)
Anti-Social Behaviour, 1y Lag -.0141***

(.0045)
Anti-Social Behaviour, 2y Lag -.011**

(.00436)
Anti-Social Behaviour, 3y Lag -.0141***

(.00476)
Drugs Crime -.00131

(.00231)
Drugs Crime, 1y Lag -.00279

(.00238)
Drugs Crime, 2y Lag .0022

(.00236)
Drugs Crime, 3y Lag .00278

(.00219)
Other Crime -.00178

(.00211)
Other Crime, 1y Lag -.00485**

(.00221)
Other Crime, 2y Lag .00241

(.0021)
Other Crime, 3y Lag .00177

(.0019)
High Street .00164

(.00924)
High Street, 1y Lag -.0494***

(.00688)
High Street, 2y Lag -.0225***

(.00553)
High Street, 3y Lag -.00289

(.00688)
Retail / Logistics .0156

(.0172)
Retail / Logistics, 1y Lag -.103***

(.0146)
Retail / Logistics, 2y Lag -.0378***

(.0108)
Retail / Logistics, 3y Lag -.0123

(.0131)
Industrial / Prod. .0208

(.013)
Industrial / Prod., 1y Lag -.0327***

(.0104)
Industrial / Prod., 2y Lag -.017**

(.00845)
Industrial / Prod., 3y Lag .00955

Continued on next page
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Table 3.1.: LSOA-Level Regressions (continued)
(1) (2) (3) (4) (5) (6)

Total Crime Total Crime,
DL Sample

Distributed
Lag (DL),

Total Crime

Total Crime,
CT Sample

Distributed
Lag, Crime
Type (CT)

Distributed
Lag, Total
Crime by
Industry

(.00894)
Office-based services .0306***

(.00936)
Office-based services, 1y Lag -.0761***

(.0102)
Office-based services, 2y Lag -.0282***

(.00684)
Office-based services, 3y Lag -.0172**

(.00749)
Rural / Primary -.0532

(.0405)
Rural / Primary, 1y Lag -.245***

(.0488)
Rural / Primary, 2y Lag -.136***

(.0406)
Rural / Primary, 3y Lag -.115***

(.0415)
Public Sector -.104***

(.00916)
Public Sector, 1y Lag -.0356***

(.00514)
Public Sector, 2y Lag -.00553

(.00386)
Public Sector, 3y Lag .0101*

(.00591)
Observations 352,818 252,591 252,591 54,176 54,176 252,591

Notes: *** denotes significance at 1%, ** at 5%, and * at 10%. Standard errors are clustered at the LSOA level. Panel
fixed effects regression of ln(GVA) on ln(crime per worker), with floor-space controls, LSOA fixed effects, and MSOA-by-
year fixed effects. The sample in Column 2,3, and 6 decreases due to the distributed-lag specification, which means we lose
the first 3 years of data. The sample further decreases in Column 4 and 5 as, in addition to the distributed lag structure, we
also lose observations with zero counts per crime category. This is because we log our crime measures. Sample: 2012–2023.
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MSOA Regression Output

Column (1) presents the distributed lag estimates for total crime. These estimates con-
tribute to the red-coloured output in Figure 5.15 in the main report. We additionally
present the distributed lag estimates for total crime separately in Figure A.2. Interest-
ingly, the pattern of distributed-lag coefficients for the impact of crime on the number of
businesses at the MSOA level is slightly different to that for output at the LSOA-level
(Figure 5.10 in the main report.). For number of businesses, we see more of a step-function
– contemporaneous and lagged crime have large negative effects, 2- and 3-year lags less
so.

Column (2) presents the crime type-distributed lag estimates, which we present in the
lower, black-coloured panel of Figure 5.15 in the main report.
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Table 3.2.: MSOA-Level Regressions
(1) (2)

Distributed Lag (DL), Total Crime Distributed Lag, Crime Type (CT)

Total Crime -.0483***
(.00401)

Total Crime, 1y Lag -.0475***
(.00515)

Total Crime, 2y Lag -.00409
(.00328)

Total Crime, 3y Lag .000985
(.00323)

Property Crime -.014***
(.00301)

Property Crime, 1y Lag -.0129***
(.00321)

Property Crime, 2y Lag .00906***
(.00269)

Property Crime, 3y Lag .0053*
(.00287)

Violent Crime -.0312***
(.00355)

Violent Crime, 1y Lag -.0291***
(.00331)

Violent Crime, 2y Lag -.00848***
(.00283)

Violent Crime, 3y Lag -.00174
(.00274)

Anti-Social Behaviour -.0124***
(.00221)

Anti-Social Behaviour, 1y Lag -.0127***
(.00228)

Anti-Social Behaviour, 2y Lag -.00891***
(.00214)

Anti-Social Behaviour, 3y Lag -.00968***
(.0025)

Drugs Crime -.000723
(.000907)

Drugs Crime, 1y Lag -.00124
(.000916)

Drugs Crime, 2y Lag .000954
(.000884)

Drugs Crime, 3y Lag .000538
(.000916)

Other Crime -.000127
(.000991)

Other Crime, 1y Lag .00186**
(.000928)

Other Crime, 2y Lag .0026***
(.000846)

Other Crime, 3y Lag .00547***
(.000835)

Observations 57,699 52,986

Notes: *** denotes significance at 1%, ** at 5%, and * at 10%. Standard errors are clustered at the MSOA level. Panel
fixed effects regression of ln(Business Units) on ln(crime per worker) , with floor-space controls, MSOA fixed effects, and
LAD-by-year fixed effects. The sample in Column 1 reflects the distributed-lag specification, which means we lose the first
3 years of data. The sample further decreases in Column 2 as, in addition to the distributed lag structure, we also lose
observations with zero counts per crime category. This is because we log our crime measures. Sample: 2012–2023.
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3.2.2. Business Survival Analysis

The survival analysis uses a single snapshot of the company register, taken in 2026. A
snapshot like this only contains businesses that are still active: any business that closed
before 2026 has already left the register and cannot be seen. The challenge is to say
something about survival using data that, by construction, contains only survivors. Below,
we outline how we make progress on this problem.

As a starting point, consider the number of businesses in a given crime decile d that were
incorporated in a given year t and are still on the register in 2026. Call this Nd,t. It can
be written as

Nd,t = Bd,t × Sd,t,

where Bd,t is the number of businesses “born” (incorporated) in that decile and year, and
Sd,t is the share of them that “survive” to 2026. The raw heatmap (Figure 3.1a) plots Nd,t

directly. This is informative, but it conflates two aspects of business activity: a cell can
be large because many businesses were founded there, or because a high share of them
survived. The raw figure cannot separate the two.

The normalised heatmap (Figure 3.1b) addresses this. It plots, for each cell, the ratio Rd,t

of that cell’s count to the 2023 count for the same decile. Substituting Nd,t = Bd,t × Sd,t

and grouping terms,

Rd,t =
Nd,t

Nd,2023

=
Bd,t

Bd,2023

× Sd,t

Sd,2023

.

Because both the numerator and denominator refer to the same decile, anything that
makes that decile structurally high- or low-birth – its population, its density of economic
activity – is common to both and cancels out. What remains is how births in that decile
have changed over time, and how survival differs across older and younger cohorts.

If we assume that the number of businesses founded each year within a decile is roughly
stable over the period,

Bd,t ≈ Bd,2023 =⇒ Bd,t

Bd,2023

≈ 1,

the first term is approximately one, and the normalised cell becomes a measure of relative
survival:

Rd,t ≈ Sd,t

Sd,2023

.
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This assumption is necessary to operationalise a survival analysis from a single snapshot,
and it is a reasonable one. With it, the normalised heatmap strips away each decile’s
underlying propensity to create new businesses and leaves a comparison of survival: how
long-lived the businesses of each cohort have proved to be, decile by decile. This is why
the normalised figure, and not the raw counts, is the one that speaks to the question of
whether businesses in higher-crime neighbourhoods survive less well.
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Figure 3.1.: Business Survival and Neighbourhood Crime

(a) Raw counts of surviving businesses

(b) Within-decile share of 2023 cohort

Notes: Panel (a) shows the number of businesses still active on the Companies House register in 2026, by year of incor-
poration and the crime decile of the neighbourhood in which the business operates. Panel (b) normalises these counts by
the survival of 2023 incorporations within the same crime decile, giving the probability of a business surviving until 2023
relative to the most recent cohort. The spatial unit we use in this analysis is the LSOA. Crime deciles are based on crime
intensity at the LSOA-level in 2012. Source: Companies House, Free Company Data Product (snapshot, May 2026).
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A. Additional Results

A.1. Additional Victimisation Prevalence Results

(a) By rurality (b) All CVS crime by region
(c) All CVS crime by depriva-

tion (England only)

Figure A.1.: Victimisation Prevalence by Geography, CVS 2023
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A.1.1. Additional Business Activity Results

Figure A.2.: Distributed-lag coefficients: contemporaneous and three lagged effects of
crime on business counts.

Notes: Point estimates and 95% confidence intervals from a panel fixed effects regression of ln(Business Units) on
ln(crime per worker) and three lagged values, with floor-space controls, MSOA fixed effects, and LAD-by-year fixed ef-
fects. Standard errors clustered at the MSOA level. Sample: 57,699 LSOA-years, 6,781 MSOAs, 2012–2023.
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B. London BIDS

Growth of the BID sector has been steady over the past two decades. Figure B.1 shows the
cumulative number of London BIDs alongside UK-wide levy income from the British BIDs
Annual Survey. London added roughly 3–5 BIDs per year throughout the 2010s and into
the 2020s, with no obvious slowdown around the financial crisis or the pandemic. UK levy
income has risen seven-fold since 2010, from £23 million to £170 million, outpacing growth
in the number of BIDs as renewals come back at higher rates and as BIDs spread into
higher-rateable-value city-centre districts. Although the focus of this chapter is London,
the BID model is now established in every UK region, every devolved nation, and Ireland:
the lessons from London apply nationally.

Figure B.1.: Growth of the BID sector

Notes: Panel (a) shows cumulative London BIDs with digitised boundaries (GLA Datastore, May 2025). Panel
(b) shows UK-wide annual BID levy income from the British BIDs Annual Survey time series 2010–2025 (Turner
and Stanford 2025).

We verified the exact levy rate for 70 of the 75 BIDs in our sample from business-plan
PDFs, BID websites, and local-authority pages. Figure B.3 shows the distribution. The
London median is 1.12 per cent of rateable value—below the UK-wide median of 1.5
per cent. The lowest rates (0.7–0.8 per cent) are in the highest-rateable-value City of
London and West End districts, where a small percentage of a large rateable-value base
produces substantial revenue. The highest rates (2.0 per cent) are in smaller outer-London
BIDs such as Harrow Town Centre, Kimpton Industrial Park, Purley, and Penge, where a

25



higher rate is required to generate a workable budget from a smaller base. Many BIDs also
apply thresholds—exempting small properties below a specified rateable value, typically
£5,000–£50,000—and caps on the maximum levy per property.

We use the GLA London Datastore’s BID boundary file, which provides digitised polygons
for 75 of London’s 78 BIDs (74 distinct organisations—Central District Alliance straddles
Camden and Islington and appears as two polygons). Together these boundaries enclose
38.6 square kilometres of central and outer London, or roughly 2.5 per cent of Greater
London by area, though a much higher share of its commercial land. Figure B.2 maps
the BIDs by year of first establishment. BID coverage radiates outwards from a tightly
clustered central London core—Westminster, Camden, and the City—into the outer bor-
oughs, with newer BIDs typically located in suburban town centres such as Bexleyheath,
Sutton, and Bromley.

Figure B.2.: London Business Improvement Districts by year of establishment

Notes: 75 BID polygons from the GLA London Datastore (May 2025 vintage), 74 distinct BID organisations.
Borough outlines in light grey. Establishment year is the year the BID first secured a successful ballot.
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Figure B.3.: Distribution of BID levy rates across London

Notes: Levy rate as a percentage of rateable value for the 70 of 75 London BIDs whose rate we have verified from
primary sources (BID business plans, BID websites, and local-authority listings). Dashed line shows the London
median; dotted line shows the UK-wide median of 1.5 per cent from the British BIDs Annual Survey 2025 (Turner
and Stanford 2025).
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