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Exploring the Effect of Motor Traffic on Street Crime 
 
Traffic impacts street safety in multiple, often under-recognised ways. In addition to their polluting 
effect and the obvious risk they pose to pedestrians, we hypothesise that heavy motor traffic may also 
increase street-level crime. We elaborate this proposition drawing from a wide range of well-established 
crime theories, and test it using longitudinal data from Understanding Crime, and two-way fixed effects 
models. We find that perceptions of crime are higher in neighbourhoods affected by heavy motor traffic. 
More importantly, we find that these two phenomena are associated across time, suggesting a likely 
causal effect. Lastly, we note that the causal effect of motor traffic on street crime is likely mediated by 
collective efficacy; i.e. traffic erodes community ties, which in turn make informal surveillance less effec-
tive. 
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Untersuchung der Auswirkungen des Kraftfahrzeugverkehrs auf Kriminalität im 
öffentlichen Raum 
 
Verkehr beeinflusst die Sicherheit auf der Straße auf vielfältige Weise, die oft nicht ausreichend wahr-
genommen werden. Neben seinen umweltschädlichen Auswirkungen und dem offensichtlichen Risiko 
für Fußgänger:innen stellen wir die Hypothese auf, dass starker Kraftfahrzeugverkehr auch die Krimi-
nalität im öffentlichen Raum erhöhen kann. Wir entwickeln diese Annahme auf Grundlage einer breiten 
Palette etablierter Kriminalitätstheorien und testen sie mithilfe von Längsschnittdaten aus Understand-
ing Crime sowie Zwei-Wege-Fixed-Effects-Modellen. Wir stellen fest, dass die Wahrnehmung von 
Kriminalität in Stadtteilen mit einem hohen Aufkommen an Kraftfahrzeugverkehr höher ist. Wichtiger 
ist, dass die beiden Phänomene über die Zeit hinweg zusammenhängen, was auf einen wahrscheinlich 
kausalen Effekt hindeutet. Abschließend weisen wir darauf hin, dass der ursächliche Effekt des Kraft-
fahrzeugverkehrs auf Kriminalität im öffentlichen Raum vermutlich durch kollektive Wirksamkeit ver-
mittelt wird. Das heißt, Verkehr schwächt gemeinschaftliche Bindungen, wodurch informelle Überwa-
chung weniger wirksam wird. 
 
Keywords: Autos; kollektive Wirksamkeit; physische Unordnung; Sicherheit im Wohnviertel; wahrge-
nommene Kriminalität 
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minimise exposure to measurement error bias in our findings. 
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1. Introduction 
 
Heavy motor traffic in urban areas has been widely documented as corrosive force, affecting 
residents’ safety, health, and social fabric. Beyond its obvious effect on pedestrian safety (La-
verty et al., 2021) and its contribution to air pollution (Ciccone et al., 1998; Oosterlee et al., 
1996), motor traffic has been linked to higher stress levels (Jensen et al., 2018; Rodriguez-
Valencia et al., 2022), decreased sleep quality (Kim et al., 2012), and reduced outdoor physical 
activity (Jacobsen et al., 2009). Heavy traffic is also known to undermine community engage-
ment and perceptions of social order (Gehl, 2011; Rantakokko et al., 2014), while degrading 
the built environment and neighbourhood aesthetics (Bayley et al., 2004; Wright & Curtis, 
2002). 
In this article, we hypothesise another form of harm posed by motor traffic: its contribution to 
street crime. We propose that increased car usage is not only associated with a rise in motoring 
offences (e. g., drink driving, speeding) but may also lead to higher levels of non-traffic-related 
crimes committed in public spaces, including vandalism, theft, and violent crime. That relati-
onship might not seem immediately intuitive. Unlike motoring offences, there is no clear direct 
causal link between traffic and street crime. Our argument draws on less visible, second-order 
effects. On one hand, we suggest that many of the well-documented harms caused by motor 
traffic – such as increased stress, reduced social cohesion, and diminished quality of public 
space – align closely with conditions identified by established criminological theories as 
precursors to crime. In addition, we draw on routine activity theory (Cohen & Felson, 1979) to 
argue that vehicular traffic diminishes guardianship and thereby promotes conditions condu-
cive to crime. 
From a sociological perspective, strain theory (Agnew, 1985a) identifies stress as a key driver 
of violence and other deviant behaviour. While this is often framed in terms of frustration from 
blocked personal goals, under Agnew’s general strain theory (Agnew, 1992), the chronic stress 
induced by motor traffic – affecting residents, pedestrians and drivers – can similarly increase 
the likelihood of aggressive and antisocial behaviour. 1 More broadly, social connections are 
known to become weaker as motor traffic becomes more present within a neighbourhood 
(Appleyard & Appleyard, 2020; Hipp et al, 2014), and this erosion of community ties is, ac-
cording to social disorganisation theories, a key precursor to street crime. Likely to be affected 
are institutions that transmit prosocial norms through local role models, such as neigh-
bourhood churches or youth organizations where community leaders set behavioural expecta-
tions (Bursik & Robert, 1988), and collective efficacy more broadly – i.e. the shared belief 
among neighbours in their mutual trust and their willingness to intervene to uphold social 
order (Sampson et al., 1997; Zahnow et al., 2022). Lastly, drawing on broken windows theory 
(Wilson & Kelling, 2011), the physical deterioration caused by traffic – in the form of potholes, 
noise and litter – can signal neglect (Loader et al., 2025). This perceived disorder may further 
reduce residents’ motivation to maintain order and invite further incivilities and criminal be-
haviour. 
More directly, vehicle traffic also impacts the volume and type of individuals present in an area, 
and the interactions between them. This can be seen through the framework of routine activity 
theory, which posits that, for a direct-contact crime to occur, three elements must converge in 

 
1 Beland & Brent (2018) found that after controlling for temporal and spatial heterogeneity, extreme 
traffic conditions (above the 95th percentile) in Los Angeles were associated with a 9 % increase in do-
mestic violence. 
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space and time: a motivated offender, a suitable target, and the absence of a capable guardian 
(Cohen & Felson, 1979). Drawing on this, several approaches have emphasised the key role of 
guardianship – including informal social control by residents and pedestrians – as an inhibitor 
of crime (Hollis-Peel et al., 2011). The field of Crime Prevention Through Environmental De-
sign (CPTED), for example, is concerned with how the built environment can be designed in a 
way that discourages crime, with a particular emphasis on fostering informal guardianship 
(Cozens et al., 2005). Additionally, Newman’s (1972) notion of ‘defensible space’ states that 
such guardianship is strengthened when the physical environment fosters territoriality, natu-
ral surveillance, and a sense of ownership over shared spaces. Critically, these are likely to be 
undermined when a place is subject to high volumes of vehicular traffic: not only are territori-
ality and ownership disrupted, but ‘outsiders’ are less likely to stand out and be identified. 
Passing drivers, though physically present, are typically unable to monitor events at street level 
or intervene effectively, making their presence functionally negligible as a form of guardi-
anship. In addition, if the presence of vehicular traffic also has the effect of reducing pedestrian 
activity – as seems likely – this also diminishes the stronger form of social surveillance from 
local passers-by; referred to by Jacobs (1961) as ‘eyes on the street’. For those pedestrians who 
are present, physical barriers like parked cars and wide roads fragment public spaces and obs-
cure sightlines. In this way, traffic potentially contributes to criminogenic conditions. 
These crime theories therefore allow us to derive a wide range of hypothetical mechanisms 
potentially linking motor traffic to street crime via indirect effects. However, most of the em-
pirical evidence relating to motor traffic and crime has focused only on direct effects, and in 
particular the instrumental role of vehicles in the commission of crime. Specifically, several 
studies have hypothesised that greater road connectivity can facilitate offender escape routes 
and the identification of potential targets, and presented findings consistent with this. For exa-
mple, Rephan (1999) found that rural crime in the US is approximately 3 % higher in counties 
where interstate highways are present. Also at the US county level, McCutcheon et al (2016) 
found that each additional interstate exit was associated with an increase of 17.25 robberies 
per 100,000 population. Studying burglary offenders from Brussels, Belgium, Van Daele and 
Beken (2011) found that when selecting areas to target outside their city, the presence of a 
nearby motorway was the third strongest predictor, after risk of detection and affluence level, 
with an odds ratio of 8.4. Agnew (2020) shows that the year after their opening, Irish sub-
districts connected by new motorways saw a 10 % increase in burglaries, while Wuschke et al. 
(2021) show that in Greater Vancouver, Canada, crime is twice as prevalent along fast flowing 
arterial roads than in local roads, and roughly three times more than along restricted and pri-
vate roads. While these findings are important, the mechanisms considered in these studies 
differ from those that we propose here, which relate to offending not directly associated with 
vehicles themselves. 
Similarly, and although further apart from our research question, it is worth noting a growing 
body of literature examining the relationship between neighbourhood walkability – the extent 
to which the built environment supports and promotes foot travel (Katz, 1994; Speck, 2013) – 
and crime. Over the past decade, six studies (Cowen et al., 2019; Dong, 2017; Foster et al., 
2016; Gilderbloom et al., 2015; Lee & Contreras, 2021; Wo & Kim, 2023) have examined this 
relationship, pointing to a mostly positive association between various walkability indices and 
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police-recorded crimes across different regions in the United States and Australia.2 As before, 
these findings have been interpreted as supportive of lower risk of capture and improved target 
selection (Armitage et al., 2011; Hillier, 2004), while mixed-use neighbourhoods – where ame-
nities tend to be more common – may increase crime opportunities and attract ‘motivated of-
fenders’ (Wo, 2019). 
Considering that one of the motivations for walkable neighbourhoods is to encourage modal 
shift away from car travel, this body of research offers useful insights into the relationship 
between motor traffic and street crime, and alerts us to additional mechanisms that might off-
set the effect we anticipate. Still, we posit that findings from this body of literature should be 
interpreted circumspectly, not only due to the different exposures under study (walkable 
streets and motor traffic), but also because of key methodological limitations (Pina-Sánchez & 
Loader, 2026). Namely, most walkability studies rely on police-recorded crime data and cross-
sectional designs. The former is known to be affected by different forms of measurement error, 
ranging from recording inconsistencies (Her Majesty Inspectorate of Constabulary, 2014), vic-
tim’s hesitancy to report crimes to the police, to more pernicious forms of artificial variability 
stemming from police work and governance, such as ad-hoc crack downs and crime targets 
(Boivin & Cordeau, 2011). All these leads to different types of quantitative bias (Levitt, 1998; 
Pina-Sánchez, Brunton-Smith, et al., 2023; Pina-Sánchez, Buil-Gil, et al., 2023). For example, 
the systematic under-reporting of crime is the primary driver of the ‘dark figure of crime’ (Sko-
gan, 1977), which recent studies have shown to be associated with various measures of social 
capital (Brunton-Smith et al., 2024; Weisburd et al., 2024), and consequently with the unde-
restimation of the effectiveness of police community interventions.3 
The over-reliance on cross-sectional designs is equally problematic. It is well known that inner 
city areas are more prone to crime; however, they also attract more people and criminogenic 
amenities like restaurants, bars and nightlife more generally. However, most studies control 
for only a few area characteristics such as economic activity, residential density, age and ethnic 
heterogeneity. As such, findings from this group of studies reflect nothing more than the – 
adjusted – association between the index of neighbourhood walkability and crime, not its 
causal effects. 4 

 
2 Gilderbloom et al. (2015) found no association between the Walkscore® index (a combination of walk-
ing distance to key amenities and public services such as restaurants and schools, with area character-
istics such as population and intersection density, (Duncan et al., 2011) and crime across Census tracts 
within Louisville, Kentucky. Dong (2017) found no association between street walkability (measured by 
street density, street intersection density, sidewalk completeness and the percentage of cul-de-sacs) and 
robbery across Census blocks within Oregon, Portland, but reported a positive relationship with bur-
glary. Cowen et al. (2019) found a positive association between walkability (measured by proximity to 
bike lanes, to public transport, street density, and access to amenities) and aggravated assault and no 
association with larceny across Census blocks in Miami-Dade County, Florida. Lee & Contreras (2021) 
reported a positive association of the Walkscore® index and rape, aggravated assault, robbery, larceny, 
burglary and motor vehicle theft, across city blocks in Los Angeles, California. Lastly, Wo & Kim (2023) 
reported a positive association between the index of walkability produced by the U.S. Environmnetal 
Protection Agency (2021) (measured by street intersection, proximity to transit stops, and mix of em-
ployment and residential types) and robbery, assault, burglary, larceny, and motor vehicle thefts. 
3 Foster et al. (2016) findings illuminate this point. The authors found a crime reduction effect of walk-
ability when considering self-reported victimisation from residents, which switched to a criminogenic 
effect when police-recorded crime data was used. 
4 James C. Wo & Kim (2023) relied on longitudinal data but their modelling strategy did not fully exploit 
it. The authors simply lagged explanatory variables by one year compared to the outcome variable, fail-
ing to control for time constant heterogeneity, or explore dynamic effects. 
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The group of studies that have most closely approached the causal effect of motor traffic on 
street crime are those examining the effect of road closures experimentally. In his review of the 
literature Clarke (2002) identifies ten examples of local crime prevention strategies involving 
road closures across different neighbourhoods in the US, England and Canada, with eight of 
them showing a clear crime reduction effect. More recently Goodman et al. (2021) and Laverty 
et al. (2021) have tested the effect of Low Traffic Neighbourhoods (LTN) deployed in London, 
a similar form of road closure intervention but different in that they are not part of larger crime 
prevention strategies beyond road collisions and speeding offences. In the first of these, the 
authors demonstrated that the adoption of LTNs in the London Borough of Waltham Forest 
led to a 10 % reduction in police-recorded crime. Their second study expanded on these fin-
dings, showing that London neighbourhoods which implemented LTNs during the COVID-19 
pandemic experienced a four-percentage-point greater reduction in assaults and other violent 
crimes against the person, compared to other areas.  
In this study we use longitudinal data from the UK Understanding Society (University of Essex, 
Institute for Social and Economic Research, 2024) to go beyond road closures and estimate 
specifically the effect of heavy motor traffic presence in neighbourhoods on perceptions of 
street crime. This longitudinal dimension is key for our identification strategy. It allows us to 
disentangle within – from between – area variability, and in so doing control for time constant 
factors that might be confounding the relationship of interest, such as police presence, socio-
demographic composition, economic activity, or features of the built environment and other 
geographic factors.  
This is not the only methodological benefit afforded by the use of Understanding Society. Since 
perceptions of street crime in their neighbourhood are directly reported by the interviewee, we 
do not have to rely on police statistics. Of course, survey data is itself prone to multiple limita-
tions, such as social desirability or acquiescence bias – and indeed the perception of crime will 
not necessarily reflect its reality. However, the potential confounding effect of these factors will 
be minimal in our study. This is because, unlike perceptions of crime, the presence of heavy 
motor traffic in the interviewee’s neighbourhood is not part of the questionnaire, but directly 
recorded by the interviewer, rendering the two measures independent. Hence, any potential 
bias in the data collection process will not be shared between our key exposure and outcome 
variables. Lastly, the national scope of the dataset enhances the external validity of our study, 
especially compared to previous research that has either focused on interventions within spe-
cific neighbourhoods or city-wide analyses. As such, this study provides the first set of esti-
mates for the causal effect of heavy motor traffic on street crime at a national level. 
 
 
2. Data and Analytical Strategy 
 
Some of the modules included in Understanding Society rotate across waves. Questions on 
perceptions of crime have only been included in waves 3, 6, 9 and 12.5 These refer to years 
2011/12, 2014/15, 2017/18, and 2020/21. To avoid introducing anomalies from the COVID pe-
riod - which, among other things, involved the suspension of face-to-face data collection and, 
consequently, the loss of interviewer-recorded neighbourhood conditions – we focused our 

 
5 Data from Understanding Society can be downloaded from the UK Data Archive. The annotated Quarto 
code integrating our data analysis processes in the manuscript is available here: jmpi-
nasanchez.github.io/cars.html. 
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study on the first three waves where perceptions of crime have been recorded. Therefore, our 
window of observation covers the period from 2011 to 2018. 
From each of those three waves we selected the following variables: 
 

- Three dependent variables capturing perceptions of the extent of vandalism, burglary, 
and violence in the interviewee’s area of residence, measured as a four-point scale ran-
ging from “very common” to “not at all common”. The exact wording used in the ques-
tionnaire is: “(How common in your area is…) Vandalism and deliberate damage to 
property?”, “Homes broken into?”, “People attacked on the streets?”. 

- One binary exposure variable indicating whether the interviewer judged the street or 
road closest to the interviewee’s residence to be affected by heavy motor traffic. 

- Three potential mediators for the effect of motor traffic on street crime: the intervie-
wee’s response to whether neighbours are willing to help each other, and the intervie-
wer’s assessment of the presence of litter or junk, and of boarded-up houses or aban-
doned buildings in the neighbourhood. The last two are binary variables, while the 
neighbour-help variable is recorded on a 5-point Likert scale ranging from “strongly 
agree” to “strongly disagree” and is only available in waves 3 and 6. 

- Three control/stratification variables: the wave of the study, whether the participant 
had moved to a different address since the last interview, and the time of the day when 
the interview took place. 

- Ten auxiliary variables: respondents’ sex, ethnic group, personal income, level of edu-
cation, numeric ability, number of days per week spent exercising and walking outside; 
the number of adults, their own children, and disabled individuals living in the house-
hold; and whether the household is in a rural or urban area. 

 
Since perceptions of crime were only asked in the Household Questionnaire, and therefore an-
swered by one person per household, we restrict our sample to participants designed as the 
household reference person. We also restricted our sample to participants successfully contac-
ted in wave-3. This is so our findings can be interpreted more intuitively by referring to the 
same cohort of participants. Further, we decided to drop 4,081 participants who were known 
to have changed their address at any point over the seven years considered in our window of 
observation. As shown in Table 1, these sampling choices result in a substantial degree of at-
trition. 
To impute missing cases due to attrition and item non-response, we used multiple imputation 
by chained equations. Specifically, we employed the mice package (version 3.18.0) in R (Van 
Buuren & Groothuis-Oudshoorn, 2011), using predictive mean matching, five imputation sets 
with a maximum of five iterations, and a set of auxiliary variables that includes all the variables 
listed above. 
Table 2 shows the main descriptive statistics for the variables used in our models following the 
imputation process. This include the seven variables used in our models plus the mean age and 
the proportion of female participants. We can see that the average participant in our study is 
substantially older (60.3 years old) than the UK average (40.7 according to the 2011 UK Cen-
sus), while the gender ratio in our sample (49.3 % female participants) is close to that of the 
UK population (50.8 %). The age discrepancy results from postponing the start of our window 
of observation to Wave-3, but, more importantly, from restricting our sample to participants 
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selected as the household reference person and to those who did not move between 2011 and 
2018. Inevitably, this limits the generalisability of our findings. 
 
Table 1. Sample size and missing cases across waves 
 Wave-3 Wave-6 Wave-9 
 n missing n missing n missing 
traffic 21,644 1.9 % 12,936 41.4 % 2,123 90.4 % 
vandalism 22,005 0.3 % 14,288 35.2 % 3,697 83.2 % 
burglary 21,800 1.2 % 14,092 36.1 % 3,655 83.4 % 
assault 21,921 0.6 % 14,108 36.1 % 3,658 83.4 % 
boarded houses 21,611 2.0 % 12,936 41.4 % 2,123 90.4 % 
litter 21,617 2.0 % 12,936 41.4 % 2,123 90.4 % 
neighbours help 20,731 6.0 % 13,623 38.3 % 0 100.0 % 

 

 
On the other hand, using a wide window of observations provides us with substantial within-
subject variability, which exceeds the between-subject variability for both our exposure varia-
ble (traffic) and our three outcome variables (vandalism, burglary and violence). Had we used 
a narrower window (e. g., waves 3 and 6 only), our sample would have been younger and less 
affected by attrition; however, we would not have been able to capture enough changes in road 
and urban design (e. g., speed limits, speed-bumps, one-way street conversions), behavioural 
shifts (e. g., a route becoming popular due to sat nav routing), or other environmental changes 
(e. g., a supermarket opening nearby) within neighbourhoods. 
 
Table 2. Descriptive statistics after imputation 
variable Mean SD between SD within (Min., Max.) 
traffic 0.11 0.17 0.26                                            (0, 1) 
vandalism 1.52 0.39 0.55                                            (1, 4) 
burglary 1.65 0.39 0.56                                            (1, 4) 
assault 1.29 0.31 0.44                                            (1, 4) 
boarded houses 0.01 0.05 0.09                                            (0, 1) 
litter 0.05 0.11 0.19                                            (0, 1) 
neighbours help 3.79 0.44 0.66                                            (1, 5) 
respondent’s age 60.25                                        (16, 103) 
female respondents 0.49                                             (0, 1) 

 

 
 
2.1 Identification Strategy 
 
From a modelling perspective, a substantial amount of within-subject variability is essential to 
employ subject-level fixed effects robustly (Imai & Kim, 2019). To do so while keeping our mo-
dels as parsimonious as possible, we centred our variables over their individual means, so we 
remove between-subject variability, modelling just the within-subject variability. This elimi-
nates all time-constant factors that might be confounding the association between motor traffic 
and perceptions of crime. Specifically, we can determine that 0.36 %, 0.35 % and 0.35 % of the 
variability in perceptions of vandalism, burglary and violence reflect between-individual per-
ceptions of their neighbourhood that remain constant across time and are therefore discarded 
from our models. 
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To remove the influence of overall crime trends experienced in the UK from 2011 to 2018 we 
control for the interview wave in our models. In addition, we also control for the time of day at 
which the interview took place. This serves a double purpose. Traffic varies widely within a 
day, yet is only measured once per interview, leading to a substantial amount of measurement 
error in our exposure variable. In addition, it is possible that perceptions of crime might be 
different at nighttime, which would lead to a form of confounding bias. By controlling for time 
of the interview we can adjust for those two problems. To do so, we first recode the hour of the 
day where the interview took place into six relatively homogenous categories (morning, mid-
day, afternoon, evening, and night), according to the relative volume of traffic experienced 
compared with the daily average, as recorded by the Department for Transport (2025). Both 
wave and time of the interview are included as dummy variables, for a combined total of seven 
regression coefficients, with wave-3 and a morning interview as reference categories. 
We model each crime type separately using linear models. Each of them takes the same ma-
thematical form: 
 

(𝑌!" − 𝑌‾!) = 𝛽# + 𝛽$(𝑋$!" − 𝑋‾$!) +*𝛽%

&

"'(

𝑋%!" + 𝜖!" 

 
where 𝑌!" refers to the perceived level of crime (vandalism, burglary and violence) reported by 
individual 𝑖 at time 𝑡, 𝑌‾! represents the mean perceived level of crime for person 𝑖 across the 
three time points (their personal average), 𝑋!"$ is the binary indicator of traffic in individual 𝑖’s 
neighborhood at time 𝑡, as rated by the interviewer (1 = high, 0 = low), 𝑋‾! is the average traffic 
rating for individual 𝑖’s neighbourhood across all three waves.6 The 𝛽% terms represent the re-
gression coefficients for the dummy variables for waves and time of the interview (𝑋%), 𝜖!" is 
the error term, 𝛽# is the constant, and crucially, 𝛽$ is our estimate of interest. 
Under the right conditions we expect 𝛽$ could be interpreted as our target estimand: the 
average difference in an individual’s perception of crime between times when motor traffic in 
the neighbourhood they live in goes from low to high. Three key assumptions are critical to 
identify our estimate of interest: the absence of i) confounding factors, ii) measurement error 
in our exposure, and iii) for the missing data to be missing at random.7 
 
 
2.2 Robustness Checks 
 
As established, our modelling strategy controls for all time-constant confounders, such as, 
neighbourhoods’ socio-demographic composition, economic activity, public transport net-
works, or street and urban features that remained stable from 2011 to 2018. However, most of 
those features will have changed to some extent during that timeframe, even if only across 
certain neighbourhoods, which will be leading to a degree of confounding bias. For example, 

 
6 For simplicity we use 𝑖 to index observations derived from both the interviewer and interviewee, even 
though they technically represent different units.  
7 We rule out the potential problem of reverse causality, as we do not expect perceptions of street crime 
to affect traffic. This might be a plausible concern in countries where drivers are frequently targeted in 
carjackings while waiting at traffic lights, or prone to shootouts while driving through dangerous neigh-
bourhoods, such scenarios are not a significant issue in the UK. 
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neighbourhood gentrification appears to lead to both reductions in crime (MacDonald & 
Stokes, 2020) and motor vehicle use (Chatman et al., 2019). Similarly, public transport hubs 
are well documented to act as criminogenic spaces (Brantingham & Brantingham, 1995; 
Ceccato, 2014), so when these are shut down – as has been the case during successive austerity 
policies in the UK – we could expect to see a simultaneous reduction in crime and increase in 
motor traffic. The presence of such types of time-varying confounders could therefore lead to 
an augmentation bias in our study and the overestimation of the causal effect of interest. 
Controlling for the time of day of the interview will reduce the biasing effect due to traffic as-
sessments being prone to measurement error. However, it would be naive to expect that to 
solve the problem entirely. Besides time of the day, traffic fluctuates across the day of the week, 
season of the year, plus – as a subjective assessment and given that the same interviewer is 
unlikely to visit the same participant across waves – we should also expect a degree of both 
inter- and intra-rater unreliability.8 We could think of all those errors as a form of classical 
measurement error (Fuller, 2009), unrelated to either the extent to which neighbourhoods are 
truly exposed to traffic, and to perceptions of crime. If so, we could expect that the reliability 
of our exposure will be further reduced as a result of our modelling strategy. Since random 
errors are entirely concentrated on the time-varying part of our measure, by removing the 
time-constant variability using fixed effects the signal to noise rate in our exposure will be even 
lower than in its original form, before it was de-centered (Hill et al., 2020). 
Lastly, our estimates could be affected by selection bias if the mechanisms behind participants 
dropping out from the study were somehow related to changing levels of traffic or perceptions 
of crime in the neighbourhood. The wide range of variables considered as auxiliary data for our 
multiple imputation process reduce the chance of that type of bias. However, as for the case of 
unobserved confounders and measurement error, we cannot rule out that this adjustment will 
remove the presence of selection bias entirely, especially if we consider the large rates of attri-
tion observed in the last wave of our study. 
To assess the robustness of our findings to confounding bias we estimate ‘robustness values’ 
(Cinelli & Hazlett, 2020) for the estimate of interest across the three crime types using the R 
package sensemakr (version 0.1.6; Cinelli, C. et al., 2024). The robustness value reflects the 
level of association between the hypothetical confounder and perceptions of both motor traffic 
and crime that would be necessary to render our estimate of interest statistically non-signifi-
cant. 
To assess the potential impact of classical measurement error we use SIMEX (Cook & Ste-
fanski, 1994; Lederer & Küchenhoff, 2006). Under a simple linear regression model the at-
tenuation bias affecting the slope is equal to the inverse of the reliability ratio of the exposure 
variable; however, in the context of multiple linear regression that attenuation bias is contin-
gent on the association between the exposure and all other explanatory variables introduced 
in the model (Carroll et al., 2006), which makes it harder to trace that bias out mathematically. 
SIMEX, on the other hand, is a sensitivity analysis technique which can be used to retrieve the 
unbiased estimate of interest empirically by: i) reproducing the naive model under increased 
levels of SIMulated measurement error; ii) deriving the relationship between bias for increased 
levels of measurement error; and iii) EXtrapolating to a scenario where no measurement error 
is present. Specifically, we use the R package simex (version 1.8) (Lederer, W. et al., 2019), a 

 
8 For context, Ogilvie et al. (2008) reported a 0.48 inter-rater reliability for traffic volume measured as 
a 5-point scale in a test-retest study undertaken in Glasgow, through two postal surveys undertaken six 
months apart between 2005 and 2006. 
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quadratic extrapolation function, and reliability ratios of 0.8 and 0.6 for the within-person 
measure of motor traffic. Based on the sources of measurement error that we cannot eliminate 
by simply controlling for time of the interview we take 0.8 as a realistic estimate for the relia-
bility ratio in our exposure variable; a 0.6 reliability ratio is also used to consider a potential 
scenario where we underestimate the extent of the measurement error. Since both multiple 
imputation and SIMEX are computationally intensive methods, we will only explore the 
biasing effect in the last of our imputed datasets.9 
Lastly, to assess the robustness of our findings to selection bias, we replicate our analysis after 
removing the last wave from our sample. That is, we restrict the window of observation to two 
waves, which reduces the window of observation to 2011-2015, but in doing so we eliminate 
the largest part of missing data from our sample (see Table 2). 
 
 
2.3 Mediation Analysis 
 
In the last part of our analysis we undertake a more superficial exploration of some of the me-
chanisms we theorised as potential mediators of the effect of motor traffic on street crime. A 
simplified representation of the key mechanisms at play is shown in Figure 1 via a direct acyc-
lical graph. Here, we have included elements from the different crime theories listed in the 
introduction. Nodes delimited by dashed lines represent variables that we have not recorded 
in the dataset and therefore cannot explore. Continuous lines are used for constructs we ob-
served, even if via nothing more than a proxy variable. We have two proxies for social disorga-
nisation – the presence of graffiti and boarded houses in the participant’s neighbourhood – 
and one proxy for collective efficacy – whether neighbours are willing to help each other. 
 
Figure 1. Simplified representation of the hypothetical mechanisms connecting motor traffic 
and walkability to street crime 

 

 

 
9 This decision would affect estimates of the measure of uncertainty of the adjusted effect of motor traffic 
on crime. However, we are not particularly concerned about this problem since the goal of our sensitivity 
analysis is to explore the magnitude of the potential bias induced by measurement error. 
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To test the presence of the mediating effects of social disorganisation and collective efficacy we 
specify another two sets of models. These will follow the same functional form as our previous 
models, i. e. linear models focusing on the within-person variability and controlling for wave 
fixed effects. The first set will simply expand each of the models specifying vandalism, burglary 
and violence, by including the three proxies for social disorganisation and collective efficacy. 
The second set of models uses each of those three proxies as outcome variables and motor 
traffic as key exposure. 
 
 
3. Findings 
 
Before presenting findings from our models we consider the simpler bivariate correlations 
between traffic and perceived crime in their original scales, presented in Table 3. These are all 
positive and relatively similar across crime types. However, it is worth noting that such corre-
lations are roughly twice as strong for the between – person/neighbourhood – compared to 
the within measures of traffic. Substantively, this implies that neighbourhoods prone to 
heavier traffic are also more criminogenic, however, that relationship is largely static, mostly 
caused by third factors that are time-constant. 
Table 4 reports the main results from our three models exploring the within-person effect of 
motor traffic on street crime. As expected, including a control for the wave of the study helps 
explain some of the variability in changes of perceptions of crime across time, as these reflect 
the drop in street crime observed in the UK over our timeframe (Office for National Statistics, 
2025). The time of day of the interview does not appear to be associated with perceptions of 
crime, at least not significantly, with the exception of interviews held at night, which are posi-
tively but weakly associated with perceptions of vandalism. 
 
Table 3. Pearson correlation coefficients between perceptions of crime and traffic 

 Vandalism Burglary Assault 
traffic (between) 0.09 0.06 0.08 
traffic (within) 0.05 0.03 0.03 

 
Regarding our estimates of interest we can see that motor traffic had a criminogenic effect on 
perceptions of crime, across all the three crime types considered. The effect appears to be 
slightly stronger for vandalism and less so for violence. Specifically, when neighbourhoods go 
from low to high traffic then perceptions of vandalism, burglary and violence - measured as a 
4-point scale - increase by an average 0.14, 0.10 and 0.08, respectively. More intuitively, ex-
pressed in relative terms, the change in motor traffic from low to high increases perceptions of 
crime in 9.3 %, 6.3 % and 6.5 %, on vandalism, burglary and violence. 
Although statistically significant, these could be interpreted as moderate to small effect sizes. 
Hence, we cannot rule out they are simply the result of a hypothetical time-variant con-
founding factor. In fact, the estimated robust values for our three estimates of interest are quite 
low: 0.022, 0.015 and 0.033 for vandalism, burglary and violence. Focusing on the robustness 
value for burglary, this means that unobserved confounders would need to explain at least 
1.5 % of the residual variance both of the treatment (within-neighbourhood changes in motor 
traffic) and of the outcome (within-person changes in perceptions of burglary) to render the 
estimated effect statistically non-significant. Therefore, we cannot take our findings to be ro-
bust enough to rule out they are entirely due to confounding bias. 
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Table 4. Fixed Effects Models Estimating the Association Between Motor Traffic and Street 
Crime Across Time 

 Vandalism Burglary Assault 
 Coef. SE Coef. SE Coef. SE 
Intercept 0.08 0.01 0.04 0.01 0.04 0.01 
traffic (within) 0.14 0.02 0.10 0.02 0.08 0.01 
wave-6 (ref. wave-3) -0.10 0.01 -0.03 0.01 -0.06 0.00 
wave-9 (ref. wave-3) -0.16 0.01 -0.09 0.01 -0.08 0.01 
midday (ref. morning) -0.00 0.02 -0.00 0.01 0.01 0.01 
afternoon (ref. morning) 0.01 0.02 -0.00 0.02 0.01 0.01 
evening (ref. morning) -0.00 0.02 -0.01 0.02 -0.00 0.01 
night (ref. morning) 0.10 0.06 0.08 0.06 0.05 0.06 

 

 
On the other hand, it is most likely that our findings underestimate the true effect of motor 
traffic on perceptions of crime because of the presence of classical measurement error in the 
exposure variable. Table 5 shows how even under a conservative scenario where the reliability 
ratio for our measure of changes in traffic across time after accounting for time of the interview 
is assumed to be 0.8, then we would be underestimating the true effect of motor traffic on street 
crime by a factor at least equal to 1.21. 
 
Table 5. The adjusted effect of motor traffic using SIMEX, a reliability ratio of 0.8 and 0.6, and 
the last of our imputed datasets 
 Vandalism Burglary Assault 
 Coef. Bias Coef. Bias Coef. Bias 
naive estimate 0.12  0.10  0.08  
adjusted (0.8 reliability) 0.14 1.21 0.12 1.22 0.10 1.23 
adjusted (0.6 reliability) 0.17 1.41 0.14 1.41 0.12 1.42 

 

 
We can also confirm that our results are robust to the large levels of attrition observed in the 
last of the study waves considered. Specifically, when we replicate our modelling strategy using 
just the first two waves in our study - which are markedly less prone to attrition and item non-
response - we find similar estimates for the effect of traffic on crime across time. Specifically, 
for our three models on vandalism, burglary and violence we estimate the within-neigh-
bourhood traffic effect is 0.11, 0.08, 0.06, which represent 75.1 %, 80.5 %, 75.9 % of the effect 
size we estimated using three waves. These effects remain statistically significant, while their 
lower size could again be attributed to an even lower reliability of our measure of traffic, the 
true value of which will not have changed as much as in our main models, given the shorter 
window of observation used in this robustness test. 
Lastly, it appears that the hypothesised mediating path of collective efficacy (Figure 1) is 
present in our data, although we fail to corroborate the mediating path for disorder, since traf-
fic is not significantly associated with any of our two measures of physical disorder (i.e. 
presence of graffiti and boarded houses in the participant’s neighbourhood). As shown in 
Table 6, motor traffic is negatively associated with collective efficacy, indicating that as traffic 
increases community ties are eroded (Gehl, 2011). Expressed in relative terms we have a -3.1 % 
reduction in collective efficacy when going from low to high traffic, although as we just saw this 
effect is likely to be an underestimate due to classical errors in our measure of traffic. It is likely 
this is also why we find the effect of traffic on our measures of physical disorder non-signifi-
cant. 
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Table 6. Fixed effects models estimating the association between motor traffic with social dis-
organisation and collective efficacy across time 
 Boarded houses Litter Neighbours help 
 Coef. SE Coef. SE Coef. SE 
intercept 0.004 0.002 -0.016 0.005 -0.031 0.021 
traffic (within) 0.006 0.002 0.006 0.004 -0.116 0.021 
wave-6 (ref. wave-3) -0.002 0.001 0.026 0.002 0.093 0.008 
wave-9 (ref. wave-3) 0.001 0.002 0.019 0.005 0.066 0.008 
midday (ref. morning) 0.004 0.002 -0.016 0.005 -0.031 0.021 
afternoon (ref. morning) 0.006 0.002 0.006 0.004 -0.116 0.021 
evening (ref. morning) -0.002 0.001 0.026 0.002 0.093 0.008 
night (ref. morning) 0.001 0.002 0.019 0.005 0.066 0.008 

 

 
Table 7. Fixed effects models including the conditional association between social disorgani-
sation and collective efficacy with street crime across time 
 Vandalism Burglary Assault 
 Coef. SE Coef. SE Coef. SE 
intercept 0.08 0.02 0.04 0.01 0.04 0.01  
traffic (within) 0.12 0.02 0.09 0.02 0.07 0.01 
boarded houses (within) 0.35 0.04 0.18 0.04 0.26 0.04 
litter (within) 0.36 0.02 0.23 0.02 0.29 0.02 
neighbours help (within) -0.11 0.00 -0.07 0.01 -0.08 0.00 
wave-6 (ref. wave-3) -0.10 0.01 -0.03 0.01 -0.06 0.00 
wave-9 (ref. wave-3) -0.16 0.01 -0.09 0.01 -0.08 0.01 
midday (ref. morning) -0.00 0.02 -0.01 0.01 0.01 0.01 
afternoon (ref. morning) 0.00 0.02 -0.00 0.02 0.01 0.01 
evening (ref. morning) -0.00 0.02 -0.00 0.02 -0.00 0.01 
night (ref. morning) 0.08 0.07 0.07 0.06 0.04 0.06 

 

 
From Table 7 we can derive the second part of the mediating path. As hypothesised, we observe 
that the presence of litter and boarded house is positively associated with changes in percepti-
ons of crime across time, while collective efficacy is negatively associated. Expressed in relative 
terms we have: i) neighbourhoods where boarded doors become present in their streets see 
their residents’ perception of vandalism, burglary and violence increased by 22.9 %, 11.1 % and 
19.9 %; ii) neighbourhoods transitioning from low to high presence of litter see an increase of 
23.9 %, 14.0 % and 22.5 %; while iii) neighbourhoods where perceptions of residents helping 
each other increase by one standard deviation see a -7.2 %, -4.3 % and -6.0 % reduction in 
crime. 
 
 
4. Discussion 
 
Cars are at the centre of an often-overlooked crime epidemic. In 2024 alone, Criminal Courts 
in England and Wales sentenced 695,599 motoring offences, accounting for 60.5 % of all sen- 
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tences imposed that year (Ministry of Justice, 2025a).10 Yet, the criminogenic influence of mo-
tor vehicles extends well beyond that, indirectly affecting other forms of crime beyond moto-
ring offences. In this study we have uncovered evidence pointing at heavy motor traffic in re-
sidential areas leading to an increase in perceptions of street crime. Specifically, we found that 
a change from low to high traffic leads to an increase of 9.3 %, 6.3 % and 6.5 % in perceived 
levels of vandalism, burglary, and violence. 
Unlike for the case of motoring offences – such as dangerous and careless driving, or driving 
under the influence – the specific mechanisms linking traffic to street crime are tenuous, di-
verse and interrelated, which complicates their study. Here, we found that collective efficacy – 
measured as perceptions of neighbours being willing to help each other – is likely to be one 
such mechanism. This finding is not entirely surprising, given the substantial evidence base 
demonstrating: i) how traffic through residential areas erodes community ties (Anciaes et al., 
2022; Gehl, 2011; Mindell & Karlsen, 2012); and ii) the positive effect of collective efficacy on 
crime prevention (Sampson & Raudenbush, 1999; Sampson et al., 1997; Wickes & Lanfear, 
2025). Here we show those two causal paths being present in the same study. 
We also tested, but did not confirm, a mediating effect from physical disorder. In line with 
broken-windows theory (Wilson & Kelling, 2011), we found that measures of physical disorder 
– such as the presence of graffiti and boarded houses – were positively associated with crime. 
However, the effect of traffic on these two indicators of physical disorder, although positive, 
did not reach statistical significance. Beyond these, we also hypothesised additional mecha-
nisms linking cars to street crime, such as stress (Agnew, 1985b; Beland & Brent, 2018), the 
facilitation of escape routes (Armitage et al., 2011), and the erosion of space ownership and 
territorial control among residents (Newman, 1976, 1997). A more formal theoretical frame-
work that disentangles the multiple interrelationships between these and other mechanisms 
connecting traffic to crime is needed to advance this area of research. Such work should help 
draw researchers’ attention to a key vector of harm and criminality that has been largely 
neglected (Loader, 2025) and would be instrumental in better informing the modelling strate-
gies of future empirical studies. 
Leaving aside the exploration of mediating effects – which invoke particularly strong causal 
assumptions (Richiardi et al., 2013) – we are fairly confident in the robustness of the overall 
criminogenic effect of traffic reported above. We are particularly confident in the absence of 
substantial bias stemming from problems of reverse causality, missing data, and measurement 
error. Indeed, given the inevitable unreliability of subjective measurements of traffic, it is likely 
that our estimates of the total effect of traffic on crime are conservative. 
Key elements of our modelling strategy have also helped minimise the impact of potential 
unobserved confounders. The use of longitudinal data and fixed effects removed all time-
constant confounders, while the reliance on independently recorded perceptions of traffic and 
crime eliminates confounding bias from interviewer effects (Kühne, 2023), or other mode 
effects (Keeter, 2015) present in survey data. Nevertheless, we cannot rule out bias from time-
varying confounding factors. We noted how processes of gentrification or urban decay could 
be biasing our estimates upwards. For example, even though police forces in England and Wa-
les are relatively independent from local authorities, we cannot rule out that reduction in public 
transport services may have coincided with declining crime enforcement in certain areas. 

 
10 For context, 20,422 knife crime incidents were recorded in the same jurisdiction and year (Ministry 
of Justice, 2025b). This figure includes cautions and other disposals that do not involve a criminal sen-
tence. 
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In this regard, it is useful to place our findings in the context of Goodman et al. (2021) and 
Laverty et al. (2021), who documented how low traffic neighbourhoods in London broadly led 
to a reduction in street crime. These two recent studies are complementary to ours: their quasi-
experimental design offers higher internal validity, whereas our observational approach covers 
the entire UK, and a wider timeframe, offering greater external validity. Together, this set of 
findings makes a compelling case for the causal effect of motor traffic on street crime. 
From here it follows that crime reduction strategies should contemplate the effect that car u-
sage has on street crime. Specifically, we believe it is of the utmost importance to reconsider 
crime prevention policies that have overemphasised reducing pedestrian connectivity, such as 
many of the propositions included by the UK Secured by Design (2023) guide on residential 
developments. It is possible that street crime – along with other human interactions, good and 
bad – might be lower in harder to reach areas. However, that effect will be offset to some degree 
by the fact that residents of those areas will have to rely more on motor vehicles for their trans-
portation, indirectly leading to crime elsewhere.11 
There is a methodological lesson here. Researchers in evidence-based policing and crime pre-
vention through environmental design (CPTED) – or environmental criminology more broadly 
– frequently highlight the position of randomised control trials (RCT) at the top of the ‘Scien-
tific Methods Scale’ (Farrington et al., 2003; Sherman et al., 1997). However, in crime preven-
tion research, such trials often focus on relatively small spatial units, such as streets or neigh-
bourhoods, without considering that these units are embedded within larger spatial networks. 
As a result, they fail to capture potential system-level impacts of interventions. This is not 
merely a pedantic epistemological critique; it relates directly to a core dimension of Newman 
(1976) concept of defensible space, geographical juxtaposition – the capacity of surrounding 
spaces to influence the security of adjacent areas. This network-based conceptualisation of risk 
has been largely neglected in the literature (Cozens, 2015; Cozens & Love, 2015), which is sur-
prising given that the idea of defensible space sits at the core of CPTED theory. 
From a broader urban design perspective, our findings suggest that further expansion of low-
traffic neighbourhoods and other traffic-calming initiatives – such as the nationwide adoption 
of 20mph limits in urban areas – could be even more beneficial than previously recognised. 
Beyond the well-established benefits of reducing collisions and lowering air and noise pollu-
tion, decreasing motor traffic also delivers wider community gains, including stronger social 
cohesion, lower anti-social behaviour and street crime. In their recent estimation of the societal 
cost of road traffic Anciaes et al. (2022) acknowledged but did not quantify potential costs re-
lated to crime, possibly due to the dearth of empirical evidence. We hope that this study will 
help incorporate that additional dimension of harm into future assessments of the societal im-
pacts of motor traffic. 
 
 
5. Conclusion 
 
Using longitudinal data from the UK Understanding Society study we found that the presence 
of heavy motor traffic in neighbourhoods leads to an increase in perceptions of street crime 
(vandalism, burglary and violence) amongst their residents. We hypothesised this effect could 

 
11 It is also worth noting how “Safer Streets”, currently the main crime prevention strategy operating 
nationwide in the UK does not consider a single measure seeking to reduce the volume or speed of motor 
traffic. 
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result from three well known precursors of crime being in turn affected by motor traffic: i) rai-
sed stress levels amongst both pedestrians and drivers, ii) a deterioration of aesthetics and 
perceived disorder in the surrounding built environment, and iii) a withering of community 
bonds in the neighbourhood. We were able to test and corroborate the last two of those me-
chanisms. 
These findings echo recent calls to place motor traffic at the centre of criminological debate. 
Beyond academic debates, our findings should also help inform future urban design and crime 
prevention policy and practice. We provide a new dimension to the rich evidence-base docu-
menting the multiple harm reduction benefits associated to low traffic neighbourhoods and 
other policies seeking to reduce car usage, further strengthening the case in favour of reducing 
car dependency in residential areas. Similarly, our findings illustrate how effective crime pre-
vention policy should aim to be more holistic and consider how their interventions could affect 
choices of transport and in so doing inadvertently affect street crime in their target area and 
elsewhere across the network.  
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