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Abstract: Despite a growing interest in place-based crime prevention, certain locations within the built envi-
ronment remain overlooked in criminological research and policy. This study examines the effect of place-based
crime prevention interventions targeting thefts from basements and attics in public housing “vulnerable” areas
in Gothenburg, Sweden. Drawing on principles from situational crime prevention and crime science, we evaluate
whether physical security improvements reduced incidents of thefts as a part of a broader social investment
programme targeting “particularly vulnerable areas”. Using a staggered Difference-in-Differences approach, we
analyse address-level crime data between 2019 and 2023 and compare outcomes with non-treated public hous-
ing addresses and apply a 200-meter buffer zone as a potential catchment area.

The findings indicate no statistically detectable causal effects on theft in the main specification, although alter-
native model specifications yield partially divergent results. These results highlight the challenges of identifying
intervention effects in highly disaggregated micro-level data with low base rates. The study contributes to the
growing body of research on micro-place crime prevention by focusing on neglected within-building spaces and
offers implications for both urban safety policy and public housing management.
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Introduction

Theft is a very common crime type, and while it is less serious than violence, the sheer volume of it makes it a
serious problem. It has been estimated that globally, about a sixth of households are victimized by theft every
year (Van Dijk et al., 2021). The victimization of theft does not only result in loss of property but has also been
found to cause anxiety and fear of crime (Brunton-Smith & Sturgis, 2011; Doyle et al,, 2021). In addition, the re-
duction of theft has been hypothesized to lower crime in general, by limiting “easy” debut crime opportunities
(Farrell, 2025). Preventing theft is therefore important, and previous research has shown that it is viable to do so.
Based on principles such as problem-oriented policing [POP] (Goldstein, 1979), targeted interventions towards
specific theft problems have been implemented. For example, disc locks were implemented at storage unit facil-
ity locations in a POP initiative resulting in a decline in thefts and burglaries using situational crime prevention
measures (Kuhns, 2020). Thefts from construction sites were found to be reduced through delaying the instal-
lation of appliances (Clarke & Goldstein, 2002). Burglary was modestly reduced by visiting locations of recent
burglaries and delivering target hardening packages (Johnson, et al., 2017), and the implementation of electronic
engine immobilizers to cars was found to reduce motor vehicle theft dramatically (Dixon & Farrell, 2020; Farrell,
2025). The key lesson being that many successful preventive efforts are targeted towards a specific crime prob-
lem at hand (Braga, 2008). To achieve effective preventive measures, clear mechanisms for how to reduce crime
are needed, and similar interventions may yield different effects based on the nuances within these mechanisms
(Sidebottom, et al., 2017).

In the present study, a specific crime problem - theft from basements and attics in residential neighbourhoods, is
in focus. Municipal residential property companies in the city of Gothenburg, Sweden, were tasked with improv-
ing the situation in neighbourhoods labelled as vulnerable by the Swedish police - essentially corresponding to
being “gang neighbourhoods”. Every two years the police release a national list of neighbourhoods that are desig-
nated as “vulnerable areas”, some of which also get the designation “particularly vulnerable”. Labels are applied
based on a range of indicators, with the key factor being whether criminal actors exert influence over residents
(Swedish Police, 2023). The property companies’ aim of the intervention is to have no neighbourhoods labelled
as particularly vulnerable, and perceptions such as fear therefore play a role. To achieve this goal, substantial
investments were made over a ten-year period in designated neighbourhoods of Gothenburg, including both
social initiatives (e.g., increased staffing and recreational activities) and physical redevelopment of residential
environments (Framtiden AB, 2020). Based on prior safety assessments and descriptions from place managers
and residents, a subset of interventions was identified as targeting basements and attic spaces. The present study
focuses specifically on whether these interventions are associated with changes in theft from these locations.

Theft and Crime Prevention

Rates of theft fluctuate over time, with many types of theft exhibiting seasonal trends. Burglary has been shown to
be more common in the dark winter months (Farrell & Pease, 1994), and snow can have a crime reducing effect,
but such differences may be more notable in cities with more distinctly fluctuating weather (such as the study
location of Gothenburg) (Linning et al, 2017). Theft, however, manifests in various shapes, targeting properties or
individuals, in commercial or residential context, and in physical or digital form. While there exist commonalities
and links (Schneider, 2005), there are also large differences between the different types of theft. Understanding
shoplifting in a department store is very different from understanding residential burglary. In order to prevent
theft, it is important to understand it, and in particular to focus on the mechanisms by which it can be prevented
(Clarke & Goldstein, 2002). The Arizona State University Center for Problem-Oriented Policing has provided 16
guides for problem oriented solutions for theft and burglary problems, but none of them focuses on theft from
basements and attics (see https://popcenter.asu.edu/burglary-and-theft). These understudied within-property
locations represent vulnerable targets within the urban residential environment.

Although seemingly understudied in terms of crime locations and crime prevention targets, basements and attics
are well known by practitioners as problematic areas, both in terms of victimization and as locations connected
to feelings of unease and fear of crime. In part this may be due to burglary victimization or tertiary victimization
that generate feelings of fear (Brunton-Smith & Sturgis, 2011; Doyle, et al, 2021). The link to perceptions such
as fear is important in this context since the intervention aims to have the neighbourhoods removed from the
police’s list of vulnerable areas. Crime plays a part in this too, but so do more subjective perceptions. It has been
shown that some places perceived as unsafe have high levels of crime whereas others don’t (Guldaker, et al.,
2024). This misalignment can lead to behavioural adaptations, such as avoidance of certain areas or modifying
daily routines, even in relatively safe environments. Similarly, Di Rocco et al. (2025) investigated how perceptions
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of disorder and fear of crime change in response to local security conditions. Their findings indicate that crime
prevention measures not only impact actual crime rates but also influence how secure residents feel in their close
environment.

In recent years, a large focus has been on place-based crime prevention, which rests on the well-evidenced princi-
ple that crime is highly concentrated in space (Weisburd, 2018; Weisburd & Wire, 2018). Even within high-crime
areas, specific locations account for a disproportionate share of incidents (Weisburd & Wire, 2018), suggesting
that interventions targeting key micro-places could have substantial effects on reducing targeted crime types.
Focusing crime preventive efforts on high crime locations reduces crime, and the crime typically does not move
elsewhere (Braga et al.,, 2019). Consequently, studies evaluating place-based crime prevention find support of
efficacy ranging from social preventive tactics to environmentally based- and design feature-based interventions.
Having efficient place-managers that uphold common norms and provide informal social control can lead to
reductions in disorder or crime, and to improvements in civil behaviour (Mazerolle et al., 1998; Eck & Wartell,
1998). It has for instance been shown in multiple studies that more or better lighting can reduce property crime
(Mitre-Becerril, 2025; Tompson et al.,, 2023), but also more serious crimes (MacDonald et al., 2025; Mitre-Becer-
ril etal,, 2022). Requiring owners of abandoned properties to install functional doors and windows reduced both
total crime and violent crime (Kondo et al,, 2015), and more generally interventions targeting vacant land has
been shown to reduce even serious violence such as shootings (Hohl et al., 2019).

Previous place-based crime prevention studies have commonly used street segments, neighbourhoods or ad-
dresses as the units of analysis (Johnson, et al., 2017; Sherman et al.,, 1989). Spatial configurations within build-
ings or structures are much less explored (Ceccato et al., 2018). Examples include studies of layouts and risk ar-
eas within public transportation (Newton, 2014), shopping centres (Ceccato et al., 2018), libraries (Ceccato et al.,
2024), schools (Lee & Ha, 2016) and hospitals (MohammadiGorji et al., 2020) among others. But the research is
limited and only a small fraction of the criminological field. The spatial design and layout of housing (both single
family housing and multi-family housing) provides another opportunity to affect crime vulnerability. Shu (2000)
discussed how different housing layouts may influence crime risks, emphasising the importance of secure entry
points and controlled access to communal areas. Similarly, Marzbali et al. (2010) reviewed residential area street
layouts and crime prevention strategies, concluding that physical security upgrades, particularly those affecting
accessibility and surveillance, play a crucial role in reducing criminal activity. A key challenge within crime pre-
vention is to understand the process which influences how offenders select their targets. Further, Hayslett-McCall
et al. (2008) found that increases in security measures, such as door reinforcements and restricted entry points
can alter offender decision-making and deter crime, while analysing a simulation model of how burglars navigate
urban environments with a routine activity/social disorganisation theoretical template.

The present study contributes to the field by providing insights into how burglary in attics and basements are af-
fected by changes in the physical environment resulting from investments to improve the situation in vulnerable
areas.

Study Context and Location

This research examines theft prevention measures in Gothenburg, Sweden. Gothenburg is located on the west
coast of Sweden and is the second largest city of the country with about 600,000 residents (Goteborg Stad, 2023).
This study is focusing on areas designated as vulnerable by the Swedish police through a classification procedure
that was established in 2014 and later updated biannually. As of the latest published update in 2023, 59 areas
were classified as vulnerable nationally, of which eight are localized in Gothenburg, making it overrepresented
compared to the national average (Swedish Police, 2023). The classification further divides vulnerability into
three categories: vulnerable areas, “risk areas”, and “particularly vulnerable areas”. In 2019, six “particularly vul-
nerable areas” were situated in Gothenburg, one less than the previous classification round in 2017, and the
number was further reduced to five in 2021 and to four in 2023 (Swedish Police, 2019; 2021; 2023).

This so-called list of classified vulnerable areas essentially captures “gang areas” and has led to investments to
combat the development, but it has also led to further stigmatization of the neighbourhoods classified. These
designations have been widely discussed in policy debates and relate to what the neighbouring countries label
“the Swedish condition” which they strive to avoid (Gerell et al., 2022). The Swedish condition is often linked to
immigration or integration, but the key issue highlighted is gang violence, which has increased substantially in
Sweden in recent decades (Sturup, et al., 2019). Among neighbouring countries, Denmark too has a list of vulner-
able areas, whereas Norway and Finland do not. In Norway, concentrations of poor living conditions that often

@ criminalogicalencounters.org



4 | Jens Widmark & Manne Gerell

give rise to problematic neighbourhoods are much weaker than in Denmark and Sweden (Allvin et al., 2024). The
Danish list of vulnerable neighbourhoods has recently been studied empirically and was found to have negative
consequences on both the neighbourhoods and its residents (Govind, et al., 2024). More broadly, neighbourhood
effects research suggests that social and environmental conditions can significantly impact crime rates and per-
ceptions of safety through collective efficacy and social cohesion (Galster, 2011).

Swedish policy on community safety has undergone significant transformations in recent decades, with an in-
creasing focus on local governance and multi-stakeholder involvement in crime prevention and focus on place-
based solutions (Lidskog & Persson, 2012). In response to the vulnerabilities associated with certain residential
areas, Gothenburg’s public housing association implemented a series of interventions aimed at enhancing res-
idents’ safety through physical and social improvements (Framtiden AB, 2020). These interventions align with
broader urban security strategies that seek to address crime at a micro-level while considering wider socioeco-
nomic factors. The clear and specific aim of these interventions is to improve the situation to the extent that no
neighbourhood in Gothenburg is considered “particularly vulnerable” anymore.

A central challenge in these interventions is balancing crime prevention with social inclusion. Research on Swed-
ish urban environments has shown that areas with high levels of perceived disorder often coincide with struc-
tural disadvantages, such as poverty and social exclusion (Gerell, et al., 2021). In an effort to mitigate negative
connotations associated with “vulnerability”, the areas within the city of Gothenburg have been positively re-
framed as “development areas”, highlighting the ongoing efforts for improvement and revitalization. This shift in
narrative is not merely symbolic but is also linked to policy-driven attempts to reshape the physical and social
fabric of these neighbourhoods. The prolonged goal is to make them less susceptible to crime and increase their
integration with the broader urban landscape (Framtiden AB, 2020).

Methods

The primary aim of this study is to evaluate the effects of physical security interventions in reducing basement
and attic thefts. In addition to estimating the overall intervention effect, selected intervention types were an-
alysed separately. These mainly included improved lighting, the installation or improvement of secure storage
solutions, and painting. Other targeted physical modifications were excluded from the individual intervention
type effect analysis due to low sample size, resulting in insufficient statistical power for reliable estimation. A
full overview of intervention types and the number of treated addresses is provided in Table A1 in the appendix.

Data

Theft data was provided by the local police authority and encompassed reported thefts from basements and at-
tics, with and without forced entry, at the address level from 2019 to the end of 2023. In Sweden, attic- and base-
ment thefts have their own crime code (Bra, 2024), which allows for a within-structure evaluation. This crime
type is more commonly related to multifamily housing than single-family housing, as basements in single-family
residences are typically integrated with the dwelling and are therefore more likely to be classified as residential
burglary.

Intervention data was collected from the property company AB Framtiden. The implementation of place-based
crime prevention interventions began officially in 2020 and has continued over time. To link interventions to
specific addresses, address-level data from Gothenburg City’s official statistics portal were combined with in-
tervention descriptions and a property registry. The intervention descriptions varied in precision, from listing
specific addresses targeted to referring to interventions being implemented to an entire street or area. They were
therefore closely inspected and processed to assign interventions to all relevant addresses within the property
registry.

Within the time period, 2019-2023, a total of 9,225 thefts from basements and attics were recorded for the whole
city, across a total of 101,126 unique addresses. Of these, the public housing company manages properties cov-
ering 7,456 addresses of which 794 unique addresses received at least one crime preventive intervention during
the study period. Each address may vary in number of housing units (apartments), but no additional information
was available to expand the addresses into exact housing units.
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Analytic Strategy

For the main analysis, crime was aggregated into monthly counts to match the intervention data. To ensure the
precision of temporal classifications, the crime report end date was used when available following the recom-
mendations by the Swedish Police in handling temporal imprecision in crime reporting (Swedish Police, 2024).
Otherwise, the start date was used.

The primary specification uses the staggered Difference-in-Differences (DiD) estimator developed by Callaway
and Sant’Anna (2021), which avoids the known biases of two-way fixed effects when treatment timing varies
across units, comparing outcomes across treated and control units over time. The did-package in the statistical
computing environment R (R Core Team, 2021) was used for the analysis by specifying the time periods (t) and
first treatment timing (g) to estimate the group-time average treatment effects [ATT] (Callaway & Sant’Anna,
2021). Given the low base rate of basement and attic thefts at the address-month level, statistical power is in-
herently limited despite the large number of observations. To address this, minimum detectable effects (MDE)
were calculated based on the estimated standard errors from the main model. These provide an indication of the
smallest effect sizes that can be reliably detected given the study design.

The control group consists of never-treated addresses in the public housing stock (N=5,825) in different residen-
tial subdivisions than the treated addresses (see Figure 1). This design aims to ensure that treated and control
units belong to administratively distinct neighbourhoods, even though some are geographically proximate. Paral-
lel trends were assessed using an event-study specification following Callaway and Sant’Anna (2021) (see Figure
2 in the Results). Panel balance and descriptive statistics for treated and control addresses are presented in Table
A2 (appendix).

As an additional robustness check, we estimate dynamic treatment effects using the Sun and Abraham (2021)
interaction-weighted estimator implemented in the fixest-package (Bérge, 2018). Unlike the Callaway-Sant’Anna
approach, which produces group-time ATT estimates and aggregates them, the Sun-Abraham estimator provides
bias-corrected event-time coefficients in settings with heterogeneous treatment timing. Alternative model spec-
ifications, including a binary outcome model, a count model (Poisson fixed effects), and alternative levels of tem-
poral and spatial aggregation (including grid-level aggregation), were also estimated to assess the sensitivity of
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Figure 1: Location of treated addresses (Intervention) and control addresses within the city of Gothenburg, Swe-
den.

To explore potential spillover effects (including diffusion of benefits) to nearby areas, a simplified descriptive
displacement/diffusion analysis was conducted. This exploratory step aimed not to identify causal displacement,
but to assess whether any notable changes in crime patterns appeared near treated clusters over time. Treated
addresses were clustered into spatial clusters using a DBSCAN (Density-Based Spatial Clustering of Applications
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with Noise) method in R using the dbscan-package (Hahsler et al., 2019). Buffer zones were then applied for 200
meters surrounding the clusters, with control addresses within buffer zones excluded from the analytical sample.
Since geocoded address-data was available from the housing registry of public housing addresses only, the buffer
zones used crime coordinates to count the number of crimes registered over the time periods. This also allowed
for non-public housing properties to be included in the buffer. Because of the staggered implementation rate of
interventions, standard displacement methods are less suited to settings with staggered interventions as they
rely on clearly defined pre- and post-periods for treatment, control and buffer zones (see for example Bowers &
Johnson, 2003; Guerette & Bowers, 2009) - raw counts of thefts for each year and for each zone were used for a
comparative trend analysis.

Results

The event-study ATT results (Figure 2) show that pre-treatment estimates cluster tightly around zero for most
months. A small number of individual pre-treatment months display a statistically significant deviation from
zero (Table A3, appendix). These deviations are isolated rather than systematic, and importantly, the pre-treat-
ment coefficients do not exhibit any consistent upward or downward trend. Wider confidence intervals in certain
relative months reflect the uneven number of treated units across event time. This is an artefact of staggered
treatment adoption (Callaway & Sant’Anna, 2021). Taken together, the pre-treatment estimates do not provide
evidence of a systematic violation of the parallel trends assumption.

Post-treatment ATT estimates remain close to zero across all relative periods and none are statistically distin-
guishable from zero. Overall, the event-study shows no statistically detectable impact of the interventions on
theft from basements and attics within this research design. An alternative estimate based on Sun and Abraham
(2021) yields the same substantive conclusion (see Figure A1, appendix).
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Figure 2. Event study - Average effect by length of exposure

The aggregated ATT estimate indicate a small negative effect (-0.0024 thefts per address-month), but the estimate is
statistically indistinguishable from zero (Table 1). Thus, the main specification does not identify a statistically detectable
causal impact of the combined intervention strategy. Given the estimated standard errors, the minimum detectable effect
size was substantially larger than the observed point estimate. For example, the 80% minimum detectable effect for the
main specification is approximately 0.036 thefts per address-month, which is an order of magnitude larger than the esti-
mated effect. This indicates that smaller effects fall below the detectable threshold of the design.
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To assess the sensitivity of the results to model specification and outcome definition, several alternative models were
estimated, yielding partially divergent results. A binary linear probability model (LPM) indicates a small but statistically
significant reduction in the probability of theft (3 = —0.003, p = 0.020), indicating a small decrease in the probability of
theft at the address-month level. Similarly, a Poisson fixed effects model shows a statistically significant negative effect
(B =-0.534, p = 0.001), indicating a negative association with expected crime counts. When aggregating the data to the
yearly level, the Callaway and SantAnna estimator also yields a statistically significant effect (ATT = -0.041, p = 0.039),
with a relatively small magnitude. In contrast, alternative specifications that retain a similar level of disaggregation, such
as a grid-level aggregation using 250 square meter cells, remain statistically insignificant. Full results for alternative spec-
ifications are reported in Table A4 (appendix).

Table 1. Difference-in-Differences. Main model and intervention type effects.

Group ATT Std. Error C.L N addresses
Overall effect -0.0024 0.0128 [-0.0275 0.0227] 794
Lighting -0.0036 0.0058 [-0.0150 0.0078] 403
Storage -0.0013 0.0046 [-0.0103 0.0077] 452
Painting -0.0074 0.0075 [-0.0221 0.0073] 352

Notes: ATT = average treatment time effect, for thefts from basements/attics on month and address level. Standard errors are
clustered at the subdivision level. Individual intervention types with too few observations are omitted from the model.

The three intervention categories with sufficient sample sizes (lighting, storage improvements and painting) are
also negative but not statistically significant. Because many addresses received multiple interventions over time,
individual-category estimates should be interpreted cautiously; overlapping treatments reduce interpretability,
and earlier interventions may have already influenced outcomes before the category-specific treatment indicator
is activated. Consequently, the intervention-type results do not provide evidence of category-specific reductions.

A leave-one-out sensitivity analysis was conducted to assess whether the overall null findings were driven by any
particular subdivision. For each iteration, the main difference-in-differences estimator was re-estimated while
excluding one treated residential cluster at a time. The results (Figure A2, appendix) show that the estimated ATT
remains stable across all iterations, indicating that no individual cluster drives the overall findings.

A descriptive displacement assessment compared raw yearly theft counts across treated addresses, never-treat-
ed control addresses, and 200-meter buffer zones around treatment clusters (Table 2). Theft counts declined
across all three zones from 2019 to 2023, with particularly sharp reductions in 2022. The year 2023 shows diver-
gent trends where treated addresses continued to decline (-17.3% compared to 2022), while thefts increased in
both the control and buffer zones. However, the absolute counts are low.

Table 2. Raw crime counts treatment, control and buffer.

Control Treated Buffer
Year Thefts Change (%) Thefts Change (%) Thefts Change (%)
2019 315 69 80
2020 327 (3.8) 92 (33.3) 95 (18.8)
2021 302 (-7.6) 75 (-18.5) 77 (-18.9)
2022 182 (-39.7) 52 (-30.7) 46 (-40.3)
2023 306 (68.1) 43 (-17.3) 70 (52.2)

Notes: Percentage changes are relative to previous year count. The timing of first known intervention was started in the later
half of 2020. While the number of addresses is known for control (n = 5825) and treatment (n = 794), no property geocoding
variables were available for buffer zones.

Because interventions were implemented at different times across addresses, standard displacement methods
assuming a single pre/post cutoff are not applicable. The descriptive comparison therefore does not constitute
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a causal displacement test. Rather; it provides a descriptive overview suggesting no clear indication of displace-
ment, but also no clear evidence of diffusion of benefits in this descriptive comparison.

Re-estimating the model with 2022 removed yields a similarly small and statistically insignificant estimate (ATT
=-0.0012), demonstrating that the unusually low crime level in 2022 does not drive the main result (Table A5,
appendix).

Conclusion and discussion

The present paper has analysed investments to improve basement and attic spaces in residential areas and finds
that while theft was reduced, it was not significant in our preferred specification. These interventions were a part
of a larger investment in deprived residential neighbourhoods to reduce crime related problems, and while the
present study focuses on a very limited section of crime problems, the results are still relevant to the overarch-
ing evaluation of the programme. While the results found lower raw counts of thefts for both treatment and the
controls (other public housing addresses but not targeted by interventions and spatially separated to different
neighbourhoods), we do not find evidence that the observed decline was causally attributable to the interven-
tions over the study period since the DiD estimates consistently indicate no effect.

At the same time, alternative model specifications yielded partially divergent results. Some models, including a
binary outcome specification, a Poisson fixed effects model, and temporal aggregation to the yearly level, indicat-
ed small but statistically significant effects. These differences are closely tied to the structure of the data used in
this study. At the address-month level, basement and attic thefts are rare events, resulting in a large proportion
of zero observations, which is known to limit statistical power in micro-spatial crime analyses (Taylor & Ratcliffe,
2020). The main specification is designed to estimate changes in counts within this highly disaggregated and
sparse panel under staggered treatment timing. In contrast, the binary model collapses outcomes into whether
any theft occurred, the Poisson models relative changes in expected counts, and the yearly aggregation reduces
sparsity by pooling events over time. These transformations are likely to increase the signal-to-noise ratio rela-
tive to the address-month specification. Consequently, while some alternative specifications detect small effects,
these may reflect differences in outcome definition and data aggregation rather than directly comparable esti-
mates of the same parameter. Importantly, the alternative specifications do not retain the same level of tempo-
ral and spatial granularity as the main design and therefore serve primarily as robustness checks rather than
equivalent causal estimators. This distinction is also substantively important, as the interventions examined here
operate at specific access points within buildings, targeting basement/attic entrances and storage spaces. Model-
ling outcomes at the address level therefore aligns the empirical specification with the level at which opportunity
structures are altered (Clarke, 1997), whereas aggregation to broader spatial units would capture a different set
of processes, including wider environmental or spillover effects. Aggregation to broader spatial units changes the
estimand from property-level treatment effects to area-level averages, which may introduce treatment dilution
when exposure is heterogeneous across properties. These findings suggest that detectability of effects is sensi-
tive to model specification and outcome definition and further reinforce the importance of considering statistical
power and measurement scale when interpreting null results.

Reducing criminal victimization can result in lower levels of fear (Brunton-Smith & Sturgis, 2011; Doyle et al,,
2021), and possibly then to reduce or overturn a “spiral of decay” (Skogan, 1992) - instead contributing to a
positive development. While the present study has insufficient statistical power to reliably detect a reduction in
theft associated with the basement and attic improvements, the coefficients are consistently negative and some
robustness checks indicate statistically significant effects. It is therefore possible that some crime-reducing ef-
fects were achieved, even if they cannot be conclusively identified within the main specification. Such a positive
development appears to be visible in some of these neighbourhoods, beyond the scope of this study. The overar-
ching goal of the investment programme in these “vulnerable areas” is to improve the situation so that the police
will remove them from their list of “particularly vulnerable” areas - the worst designation used by Swedish police
(Framtiden AB, 2020). This appears to be successful over a longer time period, as Gothenburg now only has four
neighbourhoods classified as such, down from seven in 2017 (Swedish Police, 2017; 2023), although this devel-
opment cannot be attributed to the specific interventions examined in this study.

The types of interventions implemented to improve attics and basements were wide-ranging, from new paint to
improved storage units. As such, it is plausible that the effectiveness of the interventions may differ across cate-
gories. The low statistical power for this analysis should be emphasised, given the rarity of basement/attic thefts,
the high proportion of zero-observations, and the uneven distribution of treatment timing inherent in staggered
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adoption designs. This is further reflected in the minimum detectable effect estimates, which indicate that only
relatively large effects could be reliably identified within this design. Although all three major intervention cat-
egories analysed were associated with negative estimates, they were not statistically separated from zero. An
overlapping of treatment types further complicates the interpretation of individual treatment categories.

Situational crime prevention theory highlights that opportunity reduction can occur through environmental or
managerial changes (Clarke, 1997). From this perspective, storage improvements and improved lighting in base-
ments and attics provide plausible mechanisms for reducing theft. By contrast, repainting does not directly limit
access or harden targets and would therefore not be expected to produce strong situational crime prevention
effects in isolation, however it may nonetheless improve perceived safety and/or functionality.

For the remaining intervention categories, no estimates could be produced due to extremely limited sample sizes
and event counts. These null findings should therefore not be interpreted as definitive evidence of no effect. Rath-
er, future evaluations with larger datasets may provide sufficient statistical power to detect intervention-specific
impacts.

The present study suffers from limitations. One limitation is that the inventory of interventions implemented
likely is incomplete. Although we consulted with representatives from the property manager throughout the pro-
cess, substantial variation in reporting suggests that the dataset does not capture all interventions implemented
over the period. This raises the possibility of attenuation bias, where incomplete treatment measurement biases
effect estimates toward zero. To reduce potential contamination, control units were selected from residential
subdivisions distinct from those where treatments occurred, reducing the risk of spatial spillover and contami-
nation between treated and control addresses. A further limitation concerns the central assumption of the Differ-
ence-in-Differences framework; that pre-trends would have followed parallel trends in the absence of the inter-
vention. This assumption was partially evaluated through visual and statistical pre-trend analyses. Although low
power is a recognised issue for pre-trend tests (Roth, 2022), the event-study plot shows coefficients that remain
stable around zero before treatment, providing no indication of systematic pre-intervention differences. The al-
ternative event-study based on Sun and Abraham (2021) produced similar results, strengthening the confidence
in this assessment.

Future studies should expand on the evaluative effort being conducted in this study. Firstly, more clearly de-
fined and functionally targeted interventions should be individually evaluated to support evidence-based de-
cision-making among place managers. Additionally, future studies could combine quasi-experimental designs
to examine whether non-crime outcomes, such as perceived safety, satisfaction, or usage, respond to these in-
terventions. Further, improving intervention documentation and collecting higher-resolution spatial data (e.g.,
specific stairwell or storage-room locations) would enhance the precision of effect estimation. Finally, although
the present study does not detect meaningful differences in treatment effects across neighbourhoods within this
design, future research could investigate whether variation in implementation processes - such as intervention
sequencing, intensity, or delivery quality - contributes to differential outcomes in other settings.
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Appendix

Table Al. Intervention types and addresses.

Intervention Description Treated addresses

Lighting New/increased/upgraded lighting 403
Motion sensors

Storage Upgrades/securement of individual 452
storage units
Mesh metal cages
Reinforcement
Sturdier walls and partitions between
units
Door and lock improvements
Clearing of clutter/unneeded items

Painting Painting 352
Improve cleanliness and visibility
Other modifications (excluded) Partitioning 61
Window reinforcements 6
Lock mechanisms/digital Door im-
provements 34
28

Note: the sum of intervention type treated addresses is larger than the total number of treated addresses (794) because of
multiple treatments over time.

Table A2. Panel balance summary.

Treated (rela- Controls (calendar
tive to own G) windows)

N ad- Obs. (N  Ze- Mean SD Mean Pre Post  Pre Post
dresses xmo) ro-months thefts/ thefts/ pre-2020 (2019) (2020-
(%) mo mo 2023)
Control 5,825 349,500 99.7 0.004 0.076 0.005 0.005 0.004
Treated 794 47,640 994 0.007 0.100 0.007 0.008 0.005

Notes: For treated addresses, Pre/Post are defined relative to each address’s first intervention month (G). For controls, Pre =
2019 and Post = 2020-2023 to mirror the systemwide rollout window. Zero-months (%) is the share of address-month obser-
vations with zero thefts; all means are computed at the address-month level.

Table A3. Event-study table.

Relative  ATT SE 95% CI 95% CI p-value
Month (lower) (upper)

-56 0.000 0.003 -0.007 0.006 0.901
-55 0.000 0.002 -0.003 0.003 0.867
-54 -0.001 0.004 -0.008 0.006 0.874
-53 0.000 0.003 -0.005 0.006 0.878
-52 0.000 0.002 -0.005 0.004 0.882
-51 0.000 0.001 -0.002 0.001 0.817
-50 0.011 0.076 -0.138 0.159 0.889
-49 -0.008  0.060 -0.126 0.110 0.894
-48 0.000 0.002 -0.005 0.004 0.871
-47 0.000 0.002 -0.004 0.005 0.903
-46 0.000 0.002 -0.005 0.004 0.907
-45 0.000 0.005 -0.009 0.009 0.948
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0.005
0.002
0.002
0.017
-0.017
-0.004
0.004
0.027
-0.024
0.007
-0.007
0.000
-0.008
0.012
-0.011
0.007
-0.005
0.000
-0.006
0.003
-0.006
-0.002
0.009
-0.009
0.012
-0.012
0.011
-0.003
-0.003
0.002
0.003
-0.003
0.006
-0.001
-0.006
0.002
0.003
-0.008
0.003
0.005
0.001
-0.007
0.013
-0.008
-0.003
-0.005
-0.005
-0.004
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0.009
0.031
0.019
0.075
0.034
0.036
0.003
0.014
0.012
0.012
0.011
0.002
0.041
0.034
0.023
0.027
0.027
0.017
0.016
0.003
0.014
0.010
0.007
0.007
0.018
0.019
0.029
0.028
0.010
0.017
0.017
0.013
0.020
0.012
0.014
0.010
0.003
0.003
0.009
0.012
0.013
0.005
0.079
0.066
0.015
0.012
0.012
0.013
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-0.013
-0.058
-0.036
-0.130
-0.084
-0.074
-0.002
0.001

-0.047
-0.016
-0.029
-0.004
-0.088
-0.054
-0.056
-0.046
-0.059
-0.033
-0.038
-0.004
-0.033
-0.023
-0.005
-0.023
-0.024
-0.049
-0.046
-0.057
-0.023
-0.031
-0.030
-0.028
-0.032
-0.025
-0.033
-0.017
-0.003
-0.013
-0.015
-0.018
-0.025
-0.016
-0.141
-0.139
-0.033
-0.029
-0.030
-0.029

0.022
0.063
0.040
0.165
0.049
0.066
0.010
0.054
0.000
0.030
0.015
0.004
0.072
0.078
0.035
0.061
0.049
0.033
0.026
0.009
0.021
0.018
0.024
0.004
0.047
0.024
0.067
0.052
0.017
0.035
0.037
0.022
0.044
0.024
0.020
0.021
0.009
-0.003
0.021
0.028
0.026
0.002
0.167
0.122
0.026
0.019
0.019
0.021

0.603
0.948
0.918
0.820
0.613
0.908
0.202
0.044
0.048
0.553
0.543
0.946
0.843
0.722
0.654
0.785
0.858
0.991
0.703
0.406
0.656
0.820
0.200
0.183
0.524
0.507
0.713
0.922
0.753
0.922
0.840
0.824
0.762
0.959
0.640
0.808
0.261
0.001
0.739
0.663
0.968
0.136
0.866
0.898
0.831
0.683
0.680
0.753
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4 -0.001 0.013 -0.027 0.025 0.959
5 -0.001 0.014 -0.028 0.026 0.947
6 -0.003 0.013 -0.029 0.023 0.821
7 -0.004 0.014 -0.032 0.024 0.798
8 -0.003 0.015 -0.032 0.025 0.817
9 -0.004 0.013 -0.030 0.021 0.740
10 0.005 0.021 -0.036 0.046 0.796
11 -0.002 0.015 -0.032 0.028 0.897
12 -0.002 0.008 -0.017 0.014 0.827
13 -0.006 0.016 -0.037 0.024 0.680
14 -0.003 0.012 -0.027 0.021 0.801
15 -0.006 0.017 -0.039 0.028 0.743
16 0.003 0.019 -0.034 0.040 0.876
17 -0.001 0.013 -0.027 0.025 0.944
18 -0.001 0.013 -0.026 0.025 0.955
19 -0.003 0.007 -0.017 0.011 0.682
20 -0.002 0.007 -0.017 0.012 0.737
21 -0.001 0.014 -0.028 0.025 0.924
22 0.000 0.012 -0.023 0.024 0.977
23 -0.007 0.003 -0.013 0.000 0.035
24 -0.001 0.019 -0.038 0.035 0.942
25 0.000 0.025 -0.048 0.049 0.987
26 -0.004 0.024 -0.051 0.043 0.871
27 -0.003 0.021 -0.045 0.038 0.869
28 -0.007 0.017 -0.040 0.026 0.680
29 0.004 0.047 -0.087 0.095 0.932
30 -0.004 0.033 -0.069 0.060 0.894
31 -0.011 0.020 -0.049 0.028 0.580
32 -0.005 0.019 -0.042 0.033 0.806
33 -0.002 0.019 -0.041 0.036 0.898
34 0.020 0.009 0.001 0.038 0.035
35 -0.013 0.006 -0.025 -0.001 0.038
36 0.075 0.240 -0.395 0.545 0.755
37 -0.057 0.228 -0.503 0.390 0.803
38 -0.002 0.006 -0.014 0.011 0.813

Notes. Table reports relative event time (month) and ATT estimates from Callaway & SantAnna (2021). Standard errors clus-
tered at the subdivision level. Pre-trend validity corresponds to joint non-significance of negative relative months.
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Figure A1l. Quarterly interaction-weighted event study

Notes: Coefficients show relative-time effects estimated using Sun and Abraham (2021) with quarter-level collapsing due to
computational constraints. Red markers represent standard errors clustered at the address level; blue markers represent clus-
ters at the subdivision level. Error bars indicate 95% confidence intervals. No post-treatment coefficients differ significantly
from zero, and results are robust across clustering choices.
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Figure A2: Leave-one-out iterations

Notes: Each point shows the estimated ATT (Callaway & SantAnna, 2021) when one treated cluster is removed from the
sample. The dashed line indicates the full-sample estimate (on a quarterly aggregated panel). All estimates remain small and
negative, and no single cluster meaningfully alters the results. Estimates are based on a quarterly aggregated panel used for
computational feasibility.

Table A4. Robustness checks using alternative model specifications.

Model Estimand Estimate SE 95% CI p-value MDE
Main (C&S) ATT -0.002 0.013 [-0.0280.023] 0.852 0.036
Binary (LPM)  Probability -0.003 0.001 [-0.005 0.000] 0.020
change
Poisson FE Log count -0.534 0.165 [-0.857 0.001
-0.212]
Annual (C&S)  ATT -0.041 0.020 [-0.081 0.039 0.056
-0.002]
Grid aggrega-  ATT -0.056 0.063 [-0.180 0.067] 0.372 0.176
tion (C&S)
Sun & Abraham ATT -0.038 0.065 [-0.166 0.091] 0.566 0.183

Notes: MDE (Minimum Detectable Effect) calculated for ATT models at 80% power.

Table A5. Alternative DiD excluding 2022.

ATT S.E Conf. Int.

-0.0012 0.0134 [-0.0274 0.0251]

Notes: Control group is never treated public housing addresses not within development areas. Estimation method: doubly
robust Callaway and SantAnna (2021) difference-in-differences aggte. ATT corresponds to thefts per address and month.
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