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Where should police forces target their 
residential burglary reduction efforts? Using 
official victimisation data to predict burglary 
incidences at the neighbourhood level
James Hunter1* , Bethany Ward1, Andromachi Tseloni1 and Ken Pease2 

Abstract 

Expected crime rates that enable police forces to contrast recorded and anticipated spatial patterns of crime victimi-
sation offer a valuable tool in evaluating the under-reporting of crime and inform/guide crime reduction initiatives. 
Prior to this study, police forces had no access to expected burglary maps at the neighbourhood level covering all 
parts of England and Wales. Drawing on analysis of the Crime Survey for England and Wales and employing a popula-
tion terrain modelling approach, this paper utilises household and area characteristics to predict the mean residential 
burglary incidences per 1000 population across all neighbourhoods in England and Wales. The analysis identifies 
distinct differences in recorded and expected neighbourhood burglary incidences at the Output Area level, providing 
a catalyst for stimulating further reflection by police officers and crime analysts.
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Introduction
The spatial concentration of crime is a given in both 
academic criminology (Weisburd, 2015) and policing 
lore (McLaughlin et al., 2007). Residential burglary is no 
exception. While burglary hot spots are somewhat ‘slip-
pery’ in space (Johnson & Bowers, 2004) and ‘bursty’ 
over time (Johnson et  al., 2012), much of the variation 
in neighbourhood and street segment burglary rates 
remains attributable to relatively enduring household 
and area characteristics (Andresen et al., 2017; Bernasco 
& Block, 2010; Bowers et al., 2005; Johnson et al., 2009; 
Morenoff et al., 2001; Tseloni, 2006; Vandeviver & Steen-
beek, 2019). Crime concentrations offer police forces the 
opportunity to target interventions within crime hotspot 
areas in order to reduce crime (Sherman et  al., 1989). 

Unsurprisingly, hotspot policing has become an estab-
lished approach to responding to crime in the wake of 
drives to introduce intelligence-led policing (Andresen & 
Weisburd, 2018; Ratcliffe, 2004).

While badged as ‘intelligence-led’, simply designat-
ing an area as a hot spot based on police recorded crime 
neglects much of what we know about burglary dynam-
ics. For instance, the spatial diffusion of crime reduction 
benefits beyond those neighbourhoods subject to hot 
spot policing far outweighs any reciprocal crime dis-
placement that may occur (Braga et al., 2019). A range of 
known crime-contingent dynamics is also neglected in 
basic hot spot policing. These include repeat victimisa-
tion, near-repeat victimisation, and anticipatory diffusion 
of benefits (Ignatans & Pease, 2018). The crime hotspot 
map placed before police officers and crime analysts rep-
resents a crime environment that is a product of many 
interwoven factors. These can include the characteris-
tics, movement and behaviour of resident and ambient 
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populations (Summers & Johnson, 2017); the location 
and motivation of offenders (Townsley & Sidebottom, 
2010); the presence of crime attractors and genera-
tors (Bernasco & Block, 2010); levels of social cohesion 
(Morenoff et al., 2001); as well as policing strategies and 
crime reduction initiatives (Weisburd et  al., 2014). Dis-
entangling the impact of each of these crime catalysts 
in order to inform resource allocation and the targeting 
of initiatives in the absence of hard evidence remains a 
problem for police analysts. It cannot be achieved by 
merely overlaying crime hotspot data onto neighbour-
hood-level deprivation, population characteristics, or 
points of interest maps. Furthermore, there is the dan-
ger that such crime maps are taken as reflecting a ‘given’ 
crime environment and that future risk of victimisation 
can be falsely inferred from the simple presence of crime 
hot spots within specific neighbourhoods or streets.

Aside from the methodological issues surround-
ing the accurate identification of hot spots (Ignatans & 
Pease, 2018), we suggest that reactive or proactive police 
resource allocation models predicated simply upon hot-
spot analysis miss a crucial aspect. The operational and 
analytical focus upon actual crime events (within often 
short time frames) removes the potential for decision-
making/resource allocation that is informed by an alter-
native virtual crime landscape component. Whilst these 
provide a useful means for testing propositions within 
criminological theory (Birks et al., 2012), they also offer 
up a mechanism for challenging preconceptions con-
cerning the ‘where and when’ of crime hotspot locations. 
Given the importance of the prevailing underlying char-
acteristics of individuals, households and neighbour-
hoods in shaping burglary victimisation (Tseloni, 2006; 
Tseloni & Pease, 2014; Tseloni et al., 2004), the focus of 
neighbourhood policing should equally consider where 
burglary hot spots are to be expected and the extent to 
which they diverge from police recorded burglary levels. 
Those responsible for operational decision-making are 
then enabled to ask both (a) why the expected levels of 
burglaries have not occurred in some areas and (b) why 
the actual level of burglary in other places exceeds the 
expected level? According to the Crime Survey for Eng-
land and Wales (CSEW), on average only sixty-five per 
cent of residential burglaries in a dwelling were reported 
to the police between April 2001 and March 2020 (Office 
for National Statistics [ONS], 2020a). Factors such as 
personal characteristics and deprivation that shape non-
reporting are also likely to be spatially concentrated 
(Goudriaan et  al., 2006). Virtual residential burglary 
landscapes therefore provide a means of identifying the 
extent and spatial location of under-reported incidents.

Conversely, where expected burglary rates are lower 
than police recorded incidents, this enables identifying 

areas that appear to be ‘beating the odds’ based on neigh-
bourhood characteristics informed expectations. In both 
instances, virtual crime landscapes identify areas for 
attention based on deviation of police recorded crime 
from the expected, thus providing reasonable targets for 
neighbourhood policing in areas other than hot spots. 
Having neighbourhood-specific notional base rates 
also informs the evaluation of crime reduction advice 
and other targeted crime reduction interventions, the 
presence of greater levels of effective security, or police 
patrols—and answers the critical question: ‘What are the 
policy lessons arising from these outcomes?’.

To pursue this suggested approach, police forces need 
data on expected burglary levels in their jurisdictional 
neighbourhoods. Existing methodological approaches to 
predictive crime incidence mapping can be divided into 
event-based, area-based, and behavioural (agent-based) 
approaches. Event-based methodologies embrace the 
concept of near-repeat victimisation and the spatially-
constrained ‘contagiousness’ of individual crime events 
to identify nearby households and properties at immedi-
ate heightened risk following a crime (e.g., Bowers et al., 
2004)—and then aggregate these to develop area-level 
risk maps. In contrast, area-based approaches, such as 
risk terrain modelling (Kennedy et al., 2010), seek to cap-
ture the ecological context of crime hot spots and iden-
tify the collective risk posed by the physical criminogenic 
attributes and features of specific locations in relation to 
particular crime types (e.g., Moreto et al., 2014). Finally, 
agent-based modelling generates expected crime inci-
dence levels arising from the interaction of independent 
agents (offenders) operating upon defined decision-mak-
ing parameters (e.g., the need to acquire drugs, willing-
ness to travel further to offend) moving through specific 
physical environments (e.g., streetscapes) containing 
specific criminogenic features (e.g., alcohol outlets) (e.g., 
Malleson et  al., 2009). Whilst all three approaches have 
potential applications across larger spatial scales, the 
microsimulation focus on individuals and streets (and the 
computational logistics of extending the analysis to larger 
geographical areas) has resulted to date in expected 
neighbourhood-level burglary rates only within specific 
cities in England (e.g., Malleson et al., 2010).

This paper provides an overview of the predictive 
neighbourhood level burglary maps developed by the 
authors that the Home Office commissioned in order 
to address the absence of an evidence-base that cov-
ered all neighbourhoods across all police force areas in 
England and Wales. These maps form part of the Crime 
Prevention Toolkit made available in 2020 and 2021 to 
Police and Crime Commissioners to aid the develop-
ment of their funding bids to the ongoing Home Office 
Safer Streets Fund (Home Office, et  al., 2021). Utilising 
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an area-based approach to predictive crime mapping, a 
form of population terrain modelling has been developed 
that yields expected burglary levels occurring within all 
neighbourhoods at the Output Area level across England 
and Wales based upon the relative presence of virtual 
population groups with specific individual, household 
and area deprivation characteristics. Output Areas (the 
defined neighbourhoods within this study) are the lowest 
spatial geographical scale employed within official statis-
tics in the UK. There are 175,434 Output Areas in Eng-
land and Wales, eighty per cent of which contain between 
110 and 139 households (ONS, 2016).

The paper commences with a discussion of the analy-
sis of CSEW data employed to identify the risk and pro-
tective factors that shape the mean number of burglaries 
experienced by different households within different con-
texts. This discussion is followed by an overview of the 
methodology and official datasets deployed to transform 
the findings from this empirical analysis into online inter-
active predictive neighbourhood-level burglary maps. 
This component includes some reflections on data limi-
tations and where data collection and availability require 
further development. The paper concludes with a discus-
sion of how these maps can be utilised to target burglary 
reduction advice in combination with other measures.

Identifying household and area factors that shape 
increased burglary victimisation in England 
and Wales
The opportunity structures that shape burglary victimisa-
tion risk are influenced by a wide range of factors, includ-
ing the time and day of the week (Andresen & Malleson, 
2015), property type (Bowers et al., 2005), presence, and 
type of, security (Tseloni et  al., 2017), the nature of the 
built environment and visual clues afforded to offenders 
(Armitage, 2018), street networks and spatial interactions 
(Chiaradia et al., 2009), offenders’ journey to crime (Van-
deviver et al., 2015) the behavioural decisions of offend-
ers (Malleson et al., 2009), as well as police responses to 
reducing burglary, such as hotspot policing (Braga et al., 
2019).

Despite lack of concurrent evidence on the above fac-
tors to date, population-based crime survey data (such 
as the CSEW), measure directly (i.e., property type and 
presence of security), or implicitly (i.e., proximity to 
offenders), a wide range of crime opportunity struc-
tures and burglars’ modus operandi (Tseloni et al., 2018). 
Drawing on crime surveys we can therefore identify types 
of households burgled (and how often), and the socio-
demographic profile of the areas they reside in (Tseloni, 
2006), in order to estimate the mean number of burglaries 
likely to be experienced by virtual population groups “so 
that [neighbourhood] burglary rates can be calculated” 

(Curtin et  al., 2001 [v]). However, prior to this study, 
information on the respective contribution of household 
and area risk and protective factors to expected aggregate 
burglary rates has not been transformed into a policy tool 
that can inform police force interventions at a neighbour-
hood level.

The household and area factors shaping the mean 
number of burglaries experienced in a year are taken 
from the CSEW, which is a nationwide survey adminis-
tered by the Office for National Statistics (ONS), and at 
the time of writing, provides the only source of national 
(non-lethal) crime statistics. Regarded as a “gold-stand-
ard survey of its kind” (Flatley, 2014, p. 199) due to the 
rigorous survey methodology and consistently high 
response rates (maintained at 75%),  the CSEW uses a 
stratified multi-stage cross-section sample design with 
over-representation of low population density areas and 
continuous annual rotation. The CSEW sample of about 
35,000 respondents (one per sampled household) per 
annum represents the population aged 16  years old or 
older living in households in England and Wales (ONS, 
2018). The survey questionnaire collects information 
about crime and related experiences in the 12  months 
prior to the interview, perceptions, factual information 
about the respondents, their households and areas of res-
idence, and diverse crime, crime prevention and criminal 
justice-related issues. The CSEW collects detailed infor-
mation on respondents’ and their households’ crime vic-
timisation experiences in the Victimisation Module (VM) 
which, in addition to detailed accounts of each crime 
event and its consequences, ensures back-office checks 
and correct crime classification. The VM is administered 
to those providing positive answers to an array of crime 
screener questions. The maximum number of VMs per 
respondent is six; prioritised in order of crime serious-
ness to capture rare events. Repeat burglary victims can 
fill up to 6 VMs (one per burglary experienced) or less 
if they also experienced violence, the only more serious 
offence than burglary, in the previous year. In addition, 
any series crimes—repeat incidents where “the same 
thing was done under the same circumstances and prob-
ably by the same people” (Hales, 1993: 12)—are capped at 
5 with one VM per series incident, which however does 
not affect burglary estimates due to the nature of this 
crime (ONS, 2019a).

This study utilised raw data from four sweeps of the 
CSEW, 2014/15–2017/18 (UKDS SNs  7889,  8140,  8321, 
8464), the latest available in the public domain at the time 
of analysis, with a merged sample (after data cleaning) of 
138,155 households (127,357 in England and 10,799 in 
Wales) to model the expected number of burglaries per 
household over household and area of residence charac-
teristics. Their selection was theoretically driven based 
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upon previous empirical research findings but, as will be 
explained in the next paragraph, deliberately restricted to 
those variables with open access data on OAs household 
and dwelling composition. The variable of primary inter-
est is residential burglary1 count per household  (xi = 0, 1, 
2, …,12; mean = 0.027; standard deviation = 0.216; skew-
ness = 15.601) in the 12  months prior to the interview, 
covering burglary in a dwelling, including attempts, and 
in other buildings within the property boundary, such 
as outhouses and garages (CSEW offence codes: 51–53, 
57, and 58).2 The residential burglary count was based on 
VM’s offence classification and modelled via the nega-
tive binomial regression model, which accounts for crime 
overdispersion (Cameron & Trivedi, 1986; Osborn & 
Tseloni, 1998). Indeed, the vast majority of English and 
Welsh households (97.9%) were not burgled, 1.8% were 
burgled once, 0.2% twice and the remaining three to 
twelve times, giving an average of 1.29 burglaries per tar-
geted household.

Although the CSEW includes rich information reflect-
ing burglary opportunities, we explicitly included in the 
model only those factors where the relevant OA level 
data is open access (https:// www. nomis web. co. uk). These 
are (with reference characteristics in italics): sex (male 
or female), age (16–99, quadratic) and ethnicity (White, 
Black, Asian sub-continent or Mixed, Chinese, Other) 
of the Household Reference Person (HRP); household 
composition (single adult at least 65  years old or under 
65, two, or three or more adult household, with children, 
and lone parent household); tenure (social tenant, pri-
vate renting, or owner occupier); accommodation type 
(detached, semi-detached, terraced or flat, maisonette or 
other); number of cars at the household’s disposal (zero, 
one, two, three or more); respondent with long term ill-
ness or disability (non-limiting, limiting or no long term 
illness or disability);  household moved in the previous 
twelve months; area type (rural, urban, or inner city); 
the nine  English regions (with reference region South 
East excluding Greater London); and few non-correlated 

Indices of Multiple Deprivation (IMD): income and bar-
riers to housing domains for England and income, bar-
riers to services and physical environment domains for 
Wales.3 Except for HRP age, and IMD, all other house-
hold and area characteristics variables are categorical and 
entered the statistical model as a set of dummy variables 
contrasting with a reference value—the one given in ital-
ics in the above lists—per variable; and all put together 
describe a synthetic reference household. The factors4 
significantly affecting the mean number of burglaries a 
household is expected to experience with their contribu-
tion relative to the respective reference characteristic are 
given in Fig. 1a and b.

The significant factors that enhance the number of bur-
glaries relative to the base household in England include 
individual characteristics (HRP Asian), household forma-
tion (single adult [both under and over 65], lone parent, 
housing tenure (movers, social renting), car-ownership 
(both no car and three or more cars), health (both non-
limiting and limiting illness) as well as area-based fac-
tors (urban). Households whose head is either female or 
Black, who live in semi-detached houses or flats, who 
own a single car, in inner-city areas, and neighbourhoods 
with less income deprivation enjoy less expected burgla-
ries compared to the base household. In Wales, there are 
fewer risk and protective characteristics: being a social 
renter, moved in the previous year, owning three or more 
cars, suffering from either non-limiting or limiting ill-
ness, and in areas with poor access to services results in 
more expected burglaries—whilst only living in a semi-
detached property, in an urban area, and in a neighbour-
hood with less income deprivation offers any degree of 
relative protection. The above are consistent with theory 
and previous national and cross-national evidence on 
population group burglary risk across various survey 
iterations, sampling methodology and statistical model-
ling technique since the 1980s (ONS, 2019b; Osborn & 
Tseloni, 1998). Although not originally mentioned within 
lifestyle/routine activities theory, from an opportunity 
crime theory perspective, disability combines several 
elements of suitable target: perceived victim’s physical, 
mental and emotional vulnerability, potential offender 
impunity (especially regarding victims with learning or 
difficulty in communication disabilities) and recently 
more goods to steal in the form of gadgets to assist every-
day life and social interaction. The model also incorpo-
rates two interactions (single adult household by age 

1 Residential burglary replaced domestic burglary in the policy agenda in 2013 
but the CSEW offence codes allow over time comparisons (https:// www. gov. 
uk/ gover nment/ publi catio ns/ count ing- rules- for- recor ded- crime). “Residential 
burglary includes all buildings or parts of buildings that are within the bound-
ary of, or form a part of, a dwelling and includes the dwelling itself, vacant 
dwellings, sheds, garages, outhouses, summer houses and any other structure 
that meets the definition of a building. It also includes other premises used for 
residential purposes such as houseboats, residential care homes and hostels.” 
(https:// assets. publi shing. servi ce. gov. uk/ gover nment/ uploa ds/ system/ uploa 
ds/ attac hment_ data/ file/ 791088/ count- burgl ary- apr- 2019. pdf ).

2 Attempted burglary in outbuildings (offence code 50) has been excluded 
because it is hard to prove and may often be recorded as criminal damage. 
Across the four years 221 individuals reported attempted burglary in out-
buildings (0.16% of the sample).

3 Welsh IMD domains and reference year differ to the English ones. To 
account for this and the different population profile we estimated separate sta-
tistical models and a preliminary one across both England and Wales.
4 HRP Age was also significantly related to (the exponential of ) burglaries 
via inverse U slope for England and linear negative slope for Wales.

https://www.nomisweb.co.uk
https://www.gov.uk/government/publications/counting-rules-for-recorded-crime
https://www.gov.uk/government/publications/counting-rules-for-recorded-crime
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/791088/count-burglary-apr-2019.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/791088/count-burglary-apr-2019.pdf
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Fig. 1 a Predicting Burglary Incidence: Relative number of burglaries compared to the base household in England. b Predicting Burglary Incidence: 
Relative number of burglaries compared to the base household in Wales
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group and lone parent) available in OA profiles whilst 
further cross-cluster interactions did not add to the 
individual effects, despite previous research evidence 
(Tseloni, 2006). Therefore, we are confident that the only 
source of potential model misspecification is the omis-
sion by construction of significant factors that are not 
publicly available, notably household income group and 
security devices (Tseloni et al., 2017).

Having identified the individual, household and area 
characteristics that significantly shape mean household 
burglary incidences, the next challenge was to convert 
these into expected burglary rates maps that cover all 
neighbourhoods at the Output Area level across England 
and Wales.

Developing expected burglary maps 
at the neighbourhood‑level
The empirical analysis above identified the mean number 
of burglaries in a twelve-month period that a household 
is likely to experience based on each independent explan-
atory factor and their interactions within the statistical 
model. By combining the respective mean burglary rates 
for a combination of these characteristics, it is possible 
to calculate the number of expected mean burglary inci-
dences for a household possessing a combination of these 
characteristics, e.g., male, ethnic minority, lone parent 
household, living in a social rented terraced house, and in 
a deprived area. In order to construct the virtual popula-
tion groups for each neighbourhood, we therefore:

(a) identified all of the potential different household 
types that exhibit different combinations of the 
identified risk and protective factors (e.g., white, 
owner-occupier, living in detached property in a 
less deprived locality);

(b) calculated the overall mean rate of burglary inci-
dences for each of these household types based 
upon their specific risk and protective fac-
tor combination of characteristics (i.e., mean 
rate White + mean rate Owner + mean rate 
Detached + mean rate low deprivation decile);

(c) identified the relative presence of each of these 
household types within each neighbourhood;

(d) weighted these household type proportions by the 
relevant expected mean number of burglaries; and

(e) summed together with the weighted scores for 
each household type in order to derive an overall 
expected mean number of burglaries for all house-
holds living within the neighbourhood.

Data availability resulted in specific revisions to our 
original methodological approach. Due to disclosure 
concerns, the Census 2011 data at the small area level 

required to identify every virtual household combination 
is only available through a secure license. The time frame 
for generating the expected neighbourhood level maps 
on behalf of the Home Office necessitated the utilisa-
tion of open-access data. Household types were therefore 
constructed based on gender, household composition 
and age, tenure, type of accommodation, health and dep-
rivation levels. Even in this instance, in order to achieve 
certain combinations, it was necessary to apply, for 
example, the respective health status ratios at the Output 
Area level in respect of different virtual households, and 
the distribution of these households across accommoda-
tion types, in order to derive the required combination 
estimate.

Police forces were provided access to the neighbour-
hood level expected burglary maps via the Police Knowl-
edge Hub hosted by South Yorkshire Police. Regional 
maps for England, and a separate version for Wales, 
were created that enabled the user to focus upon a spe-
cific police force, local authority, or community safety 
partnership area. Following discussions with the Home 
Office, and to enhance the policy tool’s decision-making 
value, a series of previously non-existent police force 
area maps were generated. These enabled analyses at 
the Output Area level of (a) police recorded burglaries 
per 1000 population; (b) level of police-recorded burgla-
ries relative to police force area burglary average; and (c) 
burglaries as a share of all acquisitive crime. In order to 
enable police forces to focus upon the respective burglary 
indicators within similar localities, the online maps also 
incorporated the 2011 Output Area Classification.5 This 
uses hierarchical cluster analysis to classify all neigh-
bourhoods across the United Kingdom into twenty-four 
different types (e.g., Ageing Rural Industry Workers, 
Hard-Pressed Ethnic Mix, Social Renting New Arrivals).

To illustrate the practical application of the expected 
burglary maps, Fig.  2 presents the difference between 
the expected residential burglary rate per 1000 popula-
tion and the police recorded burglary rate per 1000 pop-
ulation in 2019 at the OA level in Manchester, a former 
location for trade and industry, but now a business, her-
itage and education centre Core City in the north-west 
of England. The open-source police recorded burglary 
data obtained from Police.UK includes both residen-
tial and non-residential burglary data.6 Non-residential 
burglaries (on average 32.5% with a minimum of 21.6% 
and a maximum of 54.5% in England and Wales, ONS, 
2020b) will mirror the spatial concentration of business 

5 https:// www. ons. gov. uk/ metho dology/ geogr aphy/ geogr aphic alpro ducts/ 
areac lassi ficat ions/ 2011a reacl assifi cati ons.
6 The authors did not have access to the original data from each police force 
that would have enabled the identification of only residential burglaries.

https://www.ons.gov.uk/methodology/geography/geographicalproducts/areaclassifications/2011areaclassifications
https://www.ons.gov.uk/methodology/geography/geographicalproducts/areaclassifications/2011areaclassifications
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Fig. 2 Difference between expected residential burglary rate per 1000 population and the police recorded burglary rate per 1000 population in 
2019 within predominantly residential Output Areas (residential buildings as proportion of all buildings ≥ 90%) in Manchester (n = 1105) (map 
created using OpenStreetMap and ONS output area boundaries using Carto GIS platform)
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and retail properties within city and town centres. Whilst 
this has a limited impact on comparisons in residential 
areas (the vast majority of neighbourhoods within cities 
and towns), caution should be exercised in comparing 
police recorded and expected mean burglary incidences 
within business and retail dominated zones. To overcome 
the limitation of the presence of non-residential burglary 
data, the GEOMNI UK Buildings Database was used to 
identify the percentage of designated residential build-
ings in each OA in order to identify predominantly resi-
dential neighbourhoods. Figure 2 therefore only presents 
data for those OAs where residential buildings constitute 
at least ninety per cent of all buildings—and hence where 
the vast majority of police-recorded burglaries relate to 
residential properties.

The difference between the expected residential bur-
glary and the police recorded burglary rate across the 
1105 predominantly residential neighbourhoods ranges 
from − 151.2 to 59.2 per 1000 population. The majority 
of neighbourhoods (71.4 per cent) have an expected bur-
glary rate that exceeds the police recorded burglary rate, 
with 51.5 per cent having an expected burglary rate of 10 
incidences per 1000 population greater than the police-
recorded burglary level. The greater differences between 
expected residential and police recorded burglaries pre-
sented in Fig. 2 are spatially concentrated within certain 
neighbourhoods in the northern, central and southern 
parts of the city. This is because the households possess-
ing the relevant risk and protective characteristics are 
also geographically located across Manchester.

For the neighbourhood policing teams and crime 
analysts operating within Greater Manchester, the pre-
dominance of neighbourhoods with greater expected 
residential burglary levels offers up a number of scenar-
ios to consider. First, this outcome might point to a high 
level of under-reporting of residential burglaries to the 
police across a large number of neighbourhoods within 
the city. In a recent analysis of factors shaping spatial 
variations in the under-reporting of all crimes at the Mid-
dle Super Output Area level across England and Wales, 
Buil-Gil et al. (2021) identified that neighbourhoods with 
high/low differences from average income levels, fewer 
residents with higher or intermediate occupations, lower 
mean house prices, higher proportions of non-Asian 
ethnic minorities, and people with low qualifications—
are significantly related to the under-reporting of crime. 
Consideration by police officers and crime analysts of a 
range of official datasets such as the 2011 Census would 
quickly reveal an over-representation of all of these char-
acteristics across many neighbourhoods in Manchester. 
Further detailed investigation is clearly required, and it is 
unlikely that the impact of these factors on non-reporting 
of crimes is consistent across all offence types. The higher 

expected residential burglary rates across the major-
ity of neighbourhoods in Fig.  2, however, illustrates the 
potential for predictive neighbourhood-level crime maps 
to initiate, or further develop, investigation of the spatial 
concentration of crime under-reporting.

The second scenario to emerge from the evidence 
presented in Fig.  2 is that negative differences between 
expected and police recorded incidents point to the suc-
cess of crime reduction initiatives, the target hardening 
of properties with effective security combinations, and 
policing activity in thwarting potential residential burgla-
ries within specific neighbourhoods in Manchester. Thus, 
it is immediately apparent that this comparison between 
police recorded and expected burglary levels offers up 
to Greater Manchester Police a series of localities that 
merit further exploration to determine why the police 
recorded ‘real world’ and ‘virtual’ burglary outcomes are 
so different.

Discussion and conclusion
This paper has presented a methodology for analys-
ing CSEW data in order to develop expected mean bur-
glary incidences for neighbourhoods across England and 
Wales using open-source official data sets. Whilst the 
focus here has been on burglary, the approach developed 
by the authors can easily be (a) used to develop virtual 
crime landscapes in relation to other offence types and 
anti-social behaviour incidents, and (b) extended to cities 
and jurisdictions outside of England and Wales providing 
the relevant victimisation survey and small area data is 
available.

There are a number of limitations to the analysis pre-
sented within this paper. First, the accuracy of the 
expected number of burglaries requires further refine-
ment by utilising the actual household characteristics 
combination data at the OA level (as opposed to the 
household typologies constructed using the open-access 
Census 2011 data). Second, due to data limitations, 
potential significant factors in shaping burglary victimi-
sation, such as income or the presence of house security 
devices, do not feature within our statistical model. Third, 
hierarchical modelling (which would have accounted for 
area conditioning (random) individual effects) was not 
employed due to data confidentiality. Finally, in compar-
ing police-recorded burglaries with the burglary esti-
mates presented here, it should be noted that the former 
contains both residential and non-residential burglaries.

What should be next for research and implementa-
tion of the approach developed here? Firstly, a possible 
step would be to identify neighbourhoods that experi-
enced much lower police-recorded residential burglary 
rates than the CSEW-model estimates suggest and seek 
to determine their identifying characteristics relative 
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to neighbourhoods with similarities between the two 
source levels. Comparison with neighbourhoods suf-
fering higher than expected rates of residential bur-
glary should await the results of the less reputationally 
damaging comparison. Secondly, burglary is not the 
only crime of interest, so developing the approach with 
other offence types should proceed in parallel with the 
first suggestion. Thirdly, a discussion should be held as 
to how to implement the predictive approach devel-
oped here into mechanisms concerning police resource 
allocation and the targeting of burglary reduction initi-
atives. It has the advantage of representing areas as high 
or low relative to expectation rather than good or bad, 
thus bypassing such stigmatisation of areas. It also pro-
vides an incentive to focus upon less-challenged crime 
areas that may have previously lacked attention. Now, 
the incentive to reduce crime in ‘nice’ areas depends 
wholly on police officer motivation. By expressing goals 
in terms of change towards lower-than-expected crime, 
a new motive is introduced for such areas. Fourth, and 
perhaps fundamental, though not a defect of the pro-
posed approach, taking the expected level of burglary 
(or any crime) as a starting point, there is no particu-
lar incentive to improve area planning and the housing 
stock in crime reductive ways. In short, the approach 
here does not reduce the need for crime reductive 
design and construction; indeed, it may contribute by 
identifying design characteristics of neighbourhoods 
with lower-than-expected police recorded rates of 
burglary.

From a policy perspective, the expected burglary 
neighbourhood-level online maps provide crime reduc-
tion analysts and neighbourhood policing teams with 
an additional evidence base to underpin the targeting 
of crime reduction initiatives and advice within specific 
localities. Implementation issues are acknowledged 
to be complex but not insuperable. Offering security 
help based on household or neighbourhood attrib-
utes that are perhaps seen as shaming (e.g., lone par-
ent or social renting) will invite stigma if the selection 
criterion becomes known. Then there is the question 
of the police’s right to have the information feeding 
the identification of those at risk in the first place, and 
whether unsolicited proactive policing will incite fear 
of crime within the targeted virtual community. Any 
selection which excludes neighbours from benefit-
ting from targeted crime reduction advice may invite 
accusations of unfairness, in addition to neglecting the 
literature on near repeats. There are potential tactical 
work-rounds, such as targeting an area with an uprated 
security package for those deemed most vulnerable (or 
scheduling them for priority attention). This approach 

could piggyback on a repeat victimisation project with 
the size of protective cocoons dependent upon the 
population.

The approach presented in this paper demonstrates 
the potential for generating expected neighbourhood-
level incidence data and maps using victimisation 
survey data as opposed to police recorded burglary 
incidences. It also provides police forces and crime 
analysts with a means of disentangling the individual, 
household and area drivers of burglary levels from 
those relating to the built environment, offender loca-
tion and movement, presence of household security, the 
allocation of police resources, and the targeting of pre-
existing crime reduction initiatives. In order to gener-
ate a holistic residential neighbourhood level burglary 
map, the presence of all of these catalysts is required. 
Some of this can be achieved using currently available 
open data sources. However, the inclusion of other 
aspects pertaining to operational policing demands 
access to data only in possession of individual police 
forces across England and Wales. Furthermore, there is 
currently no data on the presence of household secu-
rity (either individually or in combination) at either the 
household or neighbourhood-level—and this remains a 
central barrier to the effective targeting of crime reduc-
tion initiatives designed to reduce residential burglary 
incidences.
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