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Abstract
Although cannabis is the most frequent illicit drug consumed in Sweden, little is known about the situations in which can-
nabis trade, possession and use occur. Following a recent strand of international research on the effect of recreational drugs 
on crime, this study uses a unique specially tailored database, Geographical Information Systems (GIS) and regression 
models, to investigate the situational conditions of cannabis offenses as they are detected in Stockholm, Sweden. Cannabis 
coincides with the location of drug markets initially delimited by the police but also extends over to locations far from the 
radar of the police, such as private residences (comfort places). Modeling results indicate that several land uses (convergent 
public places) have significant predictive value of the geography of cannabis offenses after controlling for other neighborhood 
characteristics. The article finishes by stating new research questions and making recommendations for practice.
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Introduction

A recent strand of international research calls for knowledge 
about the potential criminogenic impact of illicit recreational 
drugs on neighborhoods following the liberalization of mari-
juana in the United States (Contreras, 2017; Hughes et al., 
2020; Lu et al., 2021). This lack of evidence is not exclusive 
to the United States. In Sweden, where the use and posses-
sion of cannabis are criminal offenses with the possibility 
of incarceration (SFS 1968:64), there is limited knowledge 
about the situational conditions in which these illicit drugs 
are detected by residents, place managers or by the police.

Internationally, the lack of knowledge about cannabis 
dealing, possession and use is related to the fact that police 

official crime statistics are often considered poor indicators 
of illicit drug activities. This is because traditionally police 
records are said to vary by police practices (when, where 
and how they work on the streets) and the deployment of 
criminal justice resources. This bias follows situational fac-
tors in the representation of incidents in police accounts that 
can lead to biased analysis and outputs (van Ooyen-Houben 
& Kleemans, 2015). However, recent evidence shows that 
more than a third of police records of the cannabis trade 
in Sweden are captured thanks to calls of residents to the 
police (The Swedish Police Authority, 2019), and not solely 
through police action. Another issue is that police recorded 
statistics rarely specify the types of illegal substances 
detected, which reduces the value of these records for the 
understanding of potential links between illicit drugs and 
other crimes. As suggested by Felson and Clarke (1998, p. 
25) drug-related offenses may lead to other crimes, since 
those who sell illegal drugs may use some themselves, or 
they get involved in violence as they cannot resolve disputes 
via the criminal justice system. In Sweden, although drug 
markets have been associated with violence (Gerell et al., 
2021; Magnusson, 2020; Sandberg, 2012), it is unclear if 
this also applies specifically to cannabis. All this presents 
a motivation to explore the potential of police statistics to 
investigate the situational conditions in which cannabis is 
recorded by the police.
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Therefore, in this article, we make a contribution to 
this knowledge base by mapping the location of cannabis 
activities as reported to the police using a new and spe-
cially tailored fine-grained database—which is unique—
over Stockholm, the capital of Sweden. This study fills an 
important gap in the scant literature on situational condi-
tions of cannabis dealing, possession or use by integrating 
perspectives from environmental criminology to investi-
gate the situational conditions in which this drug (deal-
ing, possession or use) take place. Then we compare these 
places with the locations of open drug markets (ODM) 
previously identified by the police. We assess the nature 
of these places in relation to different land uses and the 
neighborhood context in which they are embedded using 
GIS, spatial techniques and regression models. Finally, 
we finalize the article with recommendations for future 
research and implications of the results for practice.

This article is novel as it attempts to contribute to a 
better understanding of the situational conditions of drug 
related offenses. Firstly, evidence from the Nordic con-
text is missing in the international literature, especially in 
countries such as Sweden where drug policies are stricter 
(they are criminal offenses with the possibility of incar-
ceration) than ones found in the United States or other 
European countries. Sweden is a welfare state country, 
with more prosocial institutions and different societal val-
ues than the market-oriented economies (Rafiqui, 2010) 
which may explain why more than a third of police records 
of the cannabis trade in Sweden are not captured solely 
through police action but thanks to calls of residents to the 
police (The Swedish Police Authority, 2019). Additionally, 
police data reflect also people’s lower levels of tolerance 
towards disorder, including drugs as was shown in the US 
(Sampson et al., 1999). Secondly, certain micro-settings 
are ‘better suited’ for drugs and ‘misbehavior’ than others 
regardless of their overall societal acceptance or police 
presence, so the question is, which are these settings? 
Which types of land uses and routine activities lead to the 
formation of crime generators and crime attractors (Brant-
ingham & Brantingham, 1995a, 1995b; Cohen & Felson, 
1979) and where do cannabis consumption and trade take 
place? Finally, this analysis makes use of a new detailed 
dataset (not previously available) that breaks down can-
nabis offenses by type allowing comparisons within trade, 
possession and consumption as well as with other types of 
narcotics and other crimes.

In the remainder of this article, we first give an over-
view of the international literature on mostly drug-related 
crimes and their situational conditions. We then later turn 
to our empirical study and discuss our research design 
and research questions before presenting our empirical 
findings.

The Situational Conditions of Illicit Drugs: 
Theory and Research Questions

International research on illicit drugs (Barnum et al., 2016; 
Bernasco & Jacques, 2015; Eck, 1995; McCord & Rat-
cliffe, 2007; Rengert, 1996; Sandberg, 2012) show that 
drug use and/or dealing are influenced by the demographic 
and socioeconomic conditions of the resident popula-
tion. Economically vulnerable areas are often associated 
with weak social control, which also leads to criminality 
according to the theory of social disorganization (Korn-
hauser, 1978; Rengert, 1996; Robinson & Rengert, 2006; 
Shaw & McKay, 1942). In Sweden, for example, the inter-
linkages between open drug markets (ODM, also called 
ODS, Open Drug scenes) and violent crimes have been 
identified by the police (Gerell et al., 2021; Magnusson, 
2020) as one crime seems to produce opportunities for 
another (Felson & Clarke, 1998). These ODM constitutes 
of “a geographic area, sustained in space and time, where 
use and dealing of drugs takes place in the public and is 
perceived as problematic by authorities and/or the public” 
(Magnusson, 2020, p. 306), with visible negative impacts 
on neighbourhoods (Wilhelmsson et al., 2021).

A more recent research strand focused on the effect 
of marijuana dispensaries on levels of crimes in neigh-
bourhoods in the United States has shown mixed find-
ings. Hughes et al. (2020) showed cannabis dispensaries 
were associated with increases in rates of neighbourhood 
crime and disorder but not murder and auto theft. Contre-
ras (2017) also suggested that they were associated with 
changes in violent crime rates, in particular for homicides 
and robberies. Lu et al. (2021) indicated that marijuana 
legalization and sales have had minimal to no effect on 
major crimes in Colorado or Washington. Similarly, 
Zakrzewski et al. (2020) found that the exception of one 
location, crime decreased or remained constant in geo-
graphical areas following the opening of a dispensary.

The environmental criminology literature has long sug-
gested that the distribution of crimes in time and space is 
strongly related to aggregated elements of the perceived 
physical environment: nodes, paths, edges and an environ-
mental backcloth (Brantingham & Brantingham, 1993). 
These elements create different criminogenic environ-
ments, some are crime attractors, namely places afford-
ing many criminal opportunities that are well known to 
offenders, while others are examples of generators of 
crime, including transportation hubs. The large number 
of crime or disorder events that occur in these conver-
gent settings is mostly due to the large number of place 
users and targets (Brantingham & Brantingham, 1995a, 
1995b). As suggested by Felson and Clarke (1998, p. 
23) “if a drug market serves local people, it serves to 
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generate crime that might not have occurred”. As out-
siders hear about it and decide to go there, it becomes a 
crime attractor. Drug dealing in particular is associated 
with “convergent settings”, such as transportation nodes, 
bars or neighborhood centres, “where expected earnings 
relative to invested time and effort are high and where 
the risk of apprehension is low” (Bernasco & Jacques, 
2015).van Ooyen-Houben and Kleemans (2015) examined 
predictors of cannabis use and detection among young 
adults in Amsterdam, the Netherlands and found that the 
likelihood of being detected by police is higher when can-
nabis is consumed in public places than in private places. 
They also found that Police are more likely to stop and 
search in places close to crime hot spots (mostly close 
to bars, restaurants, and transit places than residential 
areas) and detect such offenses. In the Swedish literature, 
drug problems are described vaguely to be mostly con-
centrated in specific locations such as particular streets, 
squares, and courtyards (The Swedish Police Authority, 
2019). Less known is the role of public places that are off 
the police radar and are important for criminal networks’ 
activities but do not belong to a hotspot. Hammer (2011) 
suggests the existence of “comfort places,” often private 
environments, with a clear link to particular members of 
a criminal network, used to carry out different types of 
criminal activity. Herold and Herold (2017) have shown 
examples that comfort places may be houses lookout spots 
for criminals with little risk of apprehension. Such places 
can be a location to temporarily store stolen goods or 
illicit supplies or to repackage drugs; they are discrete 
meeting places, for planning activities and socialization 
of criminals.

Although it is thought that public places, with mixed 
land use facilitates drug activity, such conditions are 
not expected to be homogenous across time and space. 
Research on environmental criminology indicates that 
crime, much like ordinary activities that characterize 
one’s day (e.g., driving home from work), follows certain 
daily rhythms which are in turn shaped by the distribu-
tion of these criminogenic facility types across the city 
landscape, providing criminal opportunities for offenders 
as they go about their routine activities (Brantingham & 
Brantingham, 1993, 1995a, 1995b; Kinney et al., 2008). 
The necessary conditions for crime under such circum-
stances is that crime unfolds if and only if motivated 
offenders and suitable targets converge in both time and 
space in the absence of capable guardians (Cohen & Fel-
son, 1979). It could also be expected that evening hours 
offer just the right degree of anonymity for both drug use 
and drug dealing, as users can still find dealers but more 
covertly than during daytime hours. Weekly and seasonal 
variations are expected to be observed following people’s 
routine activity.

Research Questions

Using the analysis of police cannabis-related offenses, we 
investigate:

1.	 What is the nature of cannabis crimes in Stockholm? 
When and where are cannabis crimes most recorded?

2.	 Do cannabis crimes (dealing, possession and use) appear 
clustered in space? Are they found in ODMs previously 
identified by the police? Which are the types of land 
use more associated with such offenses? (are they e.g., 
public convergent places or private places?)

3.	 Which types of neighborhoods are most associated with 
these cannabis offenses? Do they differ from those pat-
terns for narcotics in general?

Study Area

The study area is limited to the city of Stockholm, which 
means the inner-city area and those suburbs that adminis-
tratively belong to the city of Stockholm. Stockholm, the 
capital of Sweden, had more than 975,551 inhabitants in 
2020 and constitutes the largest municipality in Sweden. The 
municipality belongs to the Greater Stockholm area, which 
had more than 2.3 million inhabitants (Statistics Sweden, 
2020) and is part of an archipelago. All underground lines 
pass through the Central Station, which is the main railway 
station of the capital, making this area a place where many 
travelers and workers pass daily. On average, the percent-
age of residents who are foreign born is 34% but in some 
outskirts the proportion exceeds 90%. In these suburbs, gen-
eral unemployment rates are three times higher and average 
income lower in comparison to the rest of the city (Stock-
holms stad, 2023). Like many other European cities, Stock-
holm is thus affected by social, economic and spatial seg-
regation. Sergels torg, a central square and one of the main 
meeting points of the city, is a relatively high-criminogenic 
area (Uittenbogaard & Ceccato, 2012), including one of the 
most known ODM ‘plattan’ (Magnusson, 2020). The punish-
ment for possession of drugs, including cannabis, depends 
on the severity of the offense, classified as minor, ordinary 
or serious. Penalties for minor drug offenses are fines or up 
to 6 months’ imprisonment; for ordinary drug offenses, up to 
3 years’ imprisonment; for serious drug offenses, 2–7 years’ 
imprisonment; and for particularly serious drug offenses, 
6–10 years’ imprisonment (EMCDDA, 2017).

Data

The study is based on several datasets: offenses data, ODM, 
land-use data, demographic and socioeconomic data, and 
geographical data over Stockholm municipality (Appendix 
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Table 3 summarizes the characteristics of the dataset used in 
the study). Note that because police records on illegal drugs 
are not officially available split by crime code, we had to 
obtain approval from the Swedish Ethical Review Authority 
first. Given that the dataset runs from 2019 to 2020, it might 
be worth to mention that COVID-19 public health guidance 
may have affected the levels and nature of these offenses as 
well as police practices, which in turn may have impacted 
the offenses data used in the analysis.

•	 Offenses data We obtained two offenses datasets. The 
first dataset was a list of all cases related to illicit drugs, 
2019–2020. To select cases of cannabis dealing, pos-
session and use only (N = 4030), we had to request data 
from the police authority and the national forensic center 
(NFC). The first dataset was extracted from the NFC’s 
2019–2020 (N = 981), cannabis-related offenses contain-
ing information about age of suspects, place of residence, 
situational characteristics of the offense from the same 
period over the Stockholm region. This was later recoded 
into multiple crimes and then linked to the exactly geolo-
cation in space using GIS and the crime coordinates (x, 
y coordinates) via the Stockholm police authority. These 
x and y coordinates are, respectively, the horizontal and 
vertical addresses of a point in any two-dimensional 
space and identify the exact location of a crime.

•	 Open drug markets (also called Open Drug Scenes) A 
total of 36 drug market locations were obtained by the 
police for all drugs and from those, 10 were labeled as 
being specialized as cannabis dealing. This definition 
was created by the police due to a lack of firm demarca-
tion in time, space and in consideration to impact they 
have on community. The measure derives from research 
on open drug markets and confirmed as useful by actors 
involved in drug market enforcement strategies in the 
police. It is built with a geographic focus (a shape file in 
GIS), based on observed openly committed acts and their 
effects on people passing, living and prevention actors 
responsible for these locations.

•	 Geographical data Sweden’s DeSOs comprise a nation-
wide division system that follows county and municipal 
boundaries. Digital boundaries are available as open spa-
tial data. We obtained demographic and socioeconomic 
data from Statistics Sweden (SCB) at the DeSO level, 
mostly for 2018 and 2019. Malmö University provided 
us with the polygons of officially defined open drug mar-
kets (ODM) which were originally collected by the police 
authority in 2017, then used in research at Malmö Uni-
versity (Magnusson, 2020), including ODM that were 
specialized in cannabis.

•	 Land-use data Using Open street maps and the Open 
Data Portal of Stockholm city, we selected a number of 
land-use variables associated with particular crimino-

genic conditions and/or social control in an area. Exam-
ples are bars, location of stations/bus stations, parking 
lots, green areas/parks, secondary schools, presence of 
toilets, gas stations, presence of police stations.

•	 Demographic and socioeconomic data Data from Sta-
tistics Sweden was obtained to create variables on resi-
dent population, young male population, unemployment, 
household composition, foreign population and average 
income per DeSO.

Methods

Preparation of the Dataset

With the police cannabis dealing, possession and use 
(N = 4030 such offenses from the police authority of Stock-
holm, x, y coordinates), we geocoded all cases except 3% 
that did not have either a code or a location. We worked with 
the x, y coordinate dataset to run the temporal and distance 
analysis as reported in “Temporal and Spatial Analysis” and 
we calculated rates by DeSO areas for each cannabis crime 
using resident population. Rates of the DeSO drug-related 
offenses were the base for assessing the geographical dis-
tribution and modeling discussed in “Modelling Cannabis 
Dealing, Possession And Use”.

Temporal and Spatial Analysis

We split the dataset by hours of the day, days of the week 
and months of the year to investigate potential temporal pat-
terns by different types of cannabis crime (dealing, posses-
sion and use) and narcotics using both the NFC database and 
the police data by coordinates. For the analysis of spatial 
patterns, we had three different strategies. First, to calculate 
the land uses closest to cannabis cases, we used the “near” 
function in ArcGis, with the option to select a pair of x, y 
coordinates (for each crime) for each land use and choose 
the facility (e.g., bar, transportation hub) closest to each 
crime and provide a measure in meters. Second, we tested 
the concentration of narcotic-related crimes by comparing 
the distribution of x, y coordinates of cannabis offenses to a 
number of selected land uses, such as bars, bus stops, trans-
portation hubs (x, y coordinates), with the distance from ran-
dom points (calculated from the centroid of each DeSO area) 
to the x, y coordinates of a number of urban environments 
(selected land uses) by distance bands. The t test was used to 
compare these distributions. We also tested for global spatial 
autocorrelation of the x, y location of cannabis (dealing, pos-
session and use) and narcotic offenses for both years using 
the univariate Moran’s I menu option in GeoDa, using the 
contiguity matrix. Finally, we also compared these locations 
(using our own map of density of cannabis crimes: dealing, 
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possession and use) with the locations of existent open drug 
markets (ODM) previously mapped by the police to check if 
they matched with each other.

Modelling Cannabis Dealing, Possession and Use

Drawing from environmental criminological principles, we 
investigated potential covariates of rates of police cannabis-
related offenses/narcotic offenses for 2019 and 2020. The 
covariates are composed of criminologically relevant land 
uses (such as transportation hubs, metro and commuting 
train stations, buses, bars, restaurants and nightclubs, police, 
secondary schools, hospitals and parks, as suggested in the 
international literature, often as examples of convergent set-
tings), controlling for a series of demographic and socio-
economic variables (such as income, proportion of young 
male population, proportion of privately owned dwellings, 
measure of centrality/periphery). The dataset used in the 
analysis is presented in Appendix, Table 3.

The analytic strategy involved here is composed of two 
stages: first, the testing of reliable rates for the study area, 
and second, the modeling. The dependent variable was 
composed of rates of police cannabis-related offenses (deal-
ing, possession and use) by the smallest unit of analysis in 
DeSO by 1000 population. Because the rates were skewed, 
a natural log transformation was used to reduce or remove 
the skewness of the original data. The individual independ-
ent variables were pre-selected before modeling. First, an 
analysis of bivariate correlation between all covariates iden-
tified variables that would potentially contribute with similar 
information to the models. For instance, we excluded all var-
iables with correlation greater than 0.6; e.g., unemployment 
rate and social allowance were both correlated with income, 
so the first two variables were excluded. We excluded sev-
eral land-use variables, such as street illumination and ATM, 
which were correlated with bars/nightclubs/restaurants; all 
the chosen variables were kept. The regression analysis was 
implemented in GeoDa (Anselin, 2014), because this soft-
ware has regression-modeling capabilities that are appro-
priate for spatial analysis. The first model was estimated 
using ordinary least squares (OLS). Spatial diagnostics were 
also tested (e.g., Moran’s I). A first-order contiguity binary 
(queen) weight matrix was created to represent the spatial 
arrangement of the city and was used for the spatial diagnos-
tics of the models. A significant Moran’s I test means that 
the model shows problems of autocorrelation on residuals, 
which can, among other things, inflate the goodness of fit of 
the model. A common practice is to test alternative autore-
gressive models, such as spatial lag and spatial error mod-
els. The Akaike information criterion (AIC) measure was 
used as a reference to assess the performance of the models 
because it takes into consideration the trade-off between the 
number of independent variables in the equation and the 

number of observations. Results of the modeling section are 
presented for cannabis-related crimes in comparison with 
total narcotics. GeoDa provides several statistics measur-
ing the fit of the model and includes diagnostic tests, such 
as tests for multicollinearity among independent variables 
and tests on model errors (normality, heteroscedasticity and 
spatial auto correlation).

Results

The Nature of Cannabis Offenses

Around 3000 cases of cannabis offenses (dealing, possession 
or use) are registered each year, 55% of these in Stockholm 
municipality. In Stockholm municipality alone, 58% of these 
cannabis crimes are possession, 25% cannabis for personal 
use while cannabis trade composes 12% of this total, fol-
lowed by 5% of others (1% production and 4% of cases were 
not defined). From the cases analysed in the study, 79% 
involved males, mostly young, 40% were under 25 years old. 
Note that cannabis composes about 20% of the total narcotic 
records that reach national forensics for Stockholm County 
(NFC). The large majority of individuals in the records live 
in the Stockholm metropolitan region, an average of 5 km 
from the place of their residence, if considering individuals 
from all of Sweden, the distance reaches 21.6 km.

From the total cannabis offenses (dealing, possession 
and use), only one quarter of these crimes were recorded 
by the police as solely drug-related, the large majority 
being associated with other crimes and charges. In 35% of 
cases of cannabis-related offenses, drugs were associated 
with possession of illegal weapons, mainly knives, stolen 
goods, often found in house arrests. Many cases were also 
related to illegal driving (driving without a license or while 
intoxicated), theft, assault and violence, use of counterfeit-
ing, unlawful distribution of counterfeit goods and property 
damage. Note that these findings do not indicate that can-
nabis was the ‘cause’ of any other crime. In many cases, the 
suspect was arrested for theft and cannabis was detected 
‘by chance’ in the process. This impacts on the temporal 
patterns of detection of these offenses. More than half of the 
cases of cannabis offenses detected happened between late 
afternoon and evening (3–11 p.m.), roughly a quarter during 
the night and early hours of the morning (12 p.m.–7 a.m.) 
and a little less than a quarter from morning to midafternoon 
(7 a.m.–3 p.m.) (N = 3343). There are some indications of 
greater frequency of detection on weekdays than weekends, 
but no statistically significant differences were found in our 
dataset. Late winter and spring have almost a quarter more 
cases of cannabis-related offenses than late summer and 
autumn.
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Cannabis offenses (dealing, possession and use) are 
detected in both public places, convergent places as well 
as comfort settings, private homes, regardless offenses type 
(Fig. 1). As many as 52% of cases detected were in public 
places (public transportation, gas station, parks), 46% pri-
vate settings (homes, entrances, stairwells, garages, base-
ments), often after meeting suspects (followed by house 
inspection) on the street and in 2% of cases missing location 
information. Public places also include here cars, motorcy-
cles and other vehicles (for example, in cases where drivers 
were stopped by police at a checkpoint in the streets). The 
second most important public place is on the streets, not 
specified or in combination with nearby public transport, 
such as a metro station or bus stops.

Parks (43%) was the closest land use associated with 
cannabis offenses detected (while for narcotics in general, 
parks accounted for 37%) followed by bars, restaurants and 
nightclubs (36%). These findings are confirmed when we 
also investigated whether cannabis offenses were more 
associated to particular environments than they would do 
by chance. We calculated the distances to bars, bus stops, 
transport hubs, parks and high schools for 3277 cannabis 
offenses’ locations and for 3264 random points with the 
crime data from 2019–2020 (Table 1). With these distances, 
we compared distances from cannabis offenses to locations 
(columns (a), (c), (e), (g) and (i)) to distances from random 
points (columns (b), (d) and (f), (g), (j)) using six distance 
bands as shown in Table 1.

As much as 42% of cannabis offenses (dealing, posses-
sion and use) were recorded within 100 m of a bar, compared 
to just over 26% of random points. Similarly, 41% of canna-
bis offenses were recorded within 100 m of a park, compared 
to just over 31% of random points. Some 13% of cannabis 
offenses occur within 100 m of the nearest transport hub, 

compared to less than 3% of random points. The next dis-
tance ring (101–200 m to the nearest cannabis offense) also 
shows stark differences for transportation hubs and second-
ary schools but not for bars and parks. Each of the paired 
comparisons (cannabis offenses and random points) differs 
at the 0.00001 level, which means that in comparison to 
distances from random points, cannabis offenses occur rela-
tively nearer to bars and other types of land use than they 
would by chance.

Comparison Between Cannabis Reported Offenses 
and Police’s Open Drug Markets (ODM)

The geography of cannabis offenses (dealing, possession 
and use) follows the subway lines. Figure 2 shows that 
although the police indicate that only 10 out of 36 ODM 
are specialized in cannabis-related crimes, we found that 
cannabis-related offenses spreads over a larger area than the 
area previously indicated by the police. All areas with a high 
density of cannabis trade have a drug scene/market near or 
on top of the police's ODM. Note that because most of the 
cannabis offenses were recorded together with other crimes, 
any type of cannabis offense might follow the pattern of the 
other initial offenses. One example is the open drug market 
(or open drug scenes) in the central area of Sergels torg, and 
one of the most traditional ones (Magnusson, 2020). The 
area has the biggest public transit junction in the city and is 
close to the largest hotspots of theft. Together these charac-
teristics might generate many cannabis crimes, because body 
searches might reveal both drugs and knives and potentially 
any evidence of other crimes, such as theft. Note also that 
the higher rates in this central area may be explained by local 
police departments having specialized drug units dedicated 
to drug crimes. The actual cannabis market (density per sq 

Fig. 1   Location of the cannabis 
detected by the police
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km) covers a network of locations along subway systems 
with the exception of a few small stations on the green line, 
covering residential areas as well as places with the mixed 
land use.

Cannabis crimes recorded by the police tend to be clus-
tered in space. Cannabis possession and cannabis use, as 
well as total cannabis (all cannabis-related offenses—deal-
ing, use and possession) and total narcotic-related crimes—
all exhibit a significant clustered pattern (total cannabis, 
Moran’s I = 0.041, p = 0.00; also cannabis use, Moran’s 
I = 0.03, p = 0.00; and cannabis possession, Moran’s 
I = 0.07; p = 0.00, and total narcotics, Moran’s I = 0.04, 
p = 0.00 while for total crime rate for Stockholm, Moran’s I 
is = 0.08, p = 0.00). However, note that the geography of can-
nabis dealing shows indications towards a random pattern 
(Moran’s I = 0.018, p = 0.09). Despite the police recorded 
data reflecting reporting practices of individuals other than 
those carrying out police(ing) activities, we recognize that 
the data might be influenced by the location of place manag-
ers that are actively controlling these spaces.

The cannabis-related offenses in the police records tend 
to be concentrated geographically in the inner-city and a few 
areas in the outskirts (Fig. 3). Stockholm’s inner-city areas 
have a rate of 111.4 cannabis offenses per 1000 population, 

which is 33 times higher than the overall cannabis crime 
rate for Stockholm municipality. This is followed by neigh-
boring DeSOs in the city center, with around 70 cannabis 
offenses per 1000 population. High rates of cannabis are also 
found in the outskirts of the city. The northwestern parts of 
Stockholm, has a rate of 27.2 cannabis offenses per 1000 
population, which is the highest in the periphery (8.1 times 
greater than the overall cannabis crime rate for Stockholm), 
followed by areas in southeast Stockholm, with a rate of 
19.4 offenses per 1000 population (5.7 times greater than 
overall). Figure 2 illustrates these concentrations for selected 
cannabis offenses and total narcotics, 2019–2020: posses-
sion (a), trade (b), all cannabis-related offenses—dealing, 
use and possession (c) and narcotics (d). The geography of 
such rates shares similarities with the geography of total 
narcotics rates, but there are differences based on type of 
cannabis offense.

Modelling Cannabis Dealing, Possession and Use

Variables indicating the proportion of particular land uses 
(parks, schools, etc.) explain a third of the variation of the 
rates (log) of total cannabis (all cannabis-related offenses—
dealing, use and possession offenses) recorded by the police, 

Fig. 2   Police’s ODM specialized in cannabis dealing (in yellow/violet), ODM with all other drugs (in yellow) and the density of the cannabis 
market density per sq. Km, 2019–2020 (in beige-red)
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after controlling for area differences in income, demography, 
housing type, the distance to the city center. Regardless of 
the modeling strategy employed, cannabis offenses are more 
likely to take place in areas containing a high proportion 
of transportation hubs, parks, secondary schools, hospitals, 
bars and restaurants, police stations, toilets and gas stations. 
The importance of land use variables is less pronounced 
for the model of cases of cannabis use (parks, transporta-
tion hubs, secondary schools are not significant) than for the 
other models (Table 2).

In order of magnitude, the model of all cannabis-related 
offenses—dealing, use and possession shows that deprived 
areas (income), presence of police station, a transportation 
hub (train, toilet), school, periphery, all affect victimization 
patterns. The ordinary least square model (OLS) showed 
that lower income areas tend to show higher records of rates 
of police cannabis-related offenses and narcotics offenses. 
Since most of the models presented problems of hetero-
scedasticity of the residuals (non-constant variance of the 
residuals), we used a categorical variable (in this case center, 
instead of distance decay) to deal with the problem. This 

solved the problem for the model (a) for all cannabis-related 
offenses—dealing, use and possession, but not for the other 
models. Because several models showed problems with 
autocorrelation on residuals (Moran’s I was significant), the 
autoregressive models (spatial lag and error models) were 
implemented using GeoDa (Anselin, 2014) and are therefore 
reported in Table 2. Note that the spatial lag and spatial 
error models are used for several reasons. First, because 
OLS models that show problems with spatial autocorrela-
tion on residuals go against the basic assumptions of OLS 
regression. As suggested in the literature, one solution is 
to use spatial lag and spatial error models to obtain unbi-
ased and efficient estimates for the regression parameters in 
the model. Another reason has to do with the nature of the 
phenomenon to be modelled. For example, the spatial lag 
model can help indicate the concentrations of rates of can-
nabis offenses that go over polygon boundaries and perhaps 
capture a possible diffusion process over space. However, 
in our case, error models performed better than the spatial 
lag models and OLS models, possibly because the spatial 
error model “captures the spatial influence of unmeasured 

Fig. 3   Rates of cannabis offenses (dealing, possession and use) and narcotics in Stockholm, 2019–2020. N = 3343 cases. Data source: Stockholm 
Police Authority, 2021
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independent variables” (Baller et al., 2001, p. 567). In other 
words, the spatial error model can help assess the extent to 
which the clustering of rates of cannabis offenses are not 
explained by the measured independent variables and can 
instead be accounted for with reference to the clustering of 
error terms. In all cases, despite improvements in perfor-
mance, problems with heteroscedasticity remained in all 
models.

The models for cannabis trade/dealing and cannabis use 
differ somewhat from the geography of cannabis possession 
and for the model of all cannabis-related offenses (Table 2b, 
d). The presence of bars, police stations (which may reflect 
more active police actions in these areas), transport hubs, 
ODM (excluding those specialized in cannabis dealing) and 
presence of deprived areas help explain the variation of can-
nabis trade. In contrast, variables such as secondary schools, 
gas stations and other indicators of local neighborhood cent-
ers (such as proportion of toilets) do not. Although transpor-
tation hub and ODM areas turned out significant variables in 
all these models, it is the presence of police station, depriva-
tion and presence of bars and restaurants that affect the most 
the geography of cannabis possession, cannabis use and all 
types of recorded drug-related offences (total narcotics).

High rates of police records of cannabis use are more 
likely to be detected in inner-city areas of Stockholm, areas 
that have a high proportion of public toilets (often used 
by drug addicts), bars, restaurants and nightclubs and also 
police stations. Figure 4 shows two density maps of cannabis 
offenses and selected land uses in the inner-city areas and in 
an example in the periphery of Stockholm.

The modeling results also indicate that the location of 
ODM do explain the variation of cannabis rates, especially 
for trade/dealing. This finding can be related to the pres-
ence of security guards and police at locations of drug trade 

but also active place managers in the area, which are also 
hotspots for other crimes as previously suggested in the lit-
erature (as suggested by Magnusson, 2020), or that there 
might be a symbiosis between the cannabis dealing and the 
trade of other types of drugs.

Although secondary schools are not particularly close 
to cannabis markets, they are an important variable in the 
model to explain the geography of cannabis and narcot-
ics in general (see models a, c and e). It is in schools that 
pupils spend most of their waking hours studying and social-
izing, and if drug use or possession is evident, guardians, 
particularly teachers and staff, will contact the police and 
file a complaint. Therefore, it is expected that high rates of 
offenses for cannabis and other drugs would be associated 
with areas with a greater proportion of secondary schools. 
Note, however, that the variable “secondary schools” is not 
significant to explain the variation of rates of selling can-
nabis, rather to explain cannabis possession and use only.

Discussion of the Results

Cannabis offenses (dealing, possession and use) recorded 
to the police in 2019–2020 in Stockholm happened often 
in association with other types of crime such as illicit pos-
session of weapons, theft, violence. This is not a surprise 
because as suggested by Sandberg (2012) in street mar-
kets and in the higher levels of the cannabis economy, a 
rather violent and criminal culture may dominate the area. 
These findings also confirm some of the recent research on 
the impact of effect of marijuana dispensaries on levels of 
crimes in neighbourhoods in the United States (e.g., Con-
treras, 2017; Hughes et al., 2020).

We also found that cannabis dealing in particular spreads 
over a larger area than the official police's ODM open drug 

Fig. 4   a Inner-city areas of Stockholm and b Vällingby station (Northwestern Stockholm)—Density map of cannabis offenses and selected land 
uses, 2019–2020 (N = 3343)
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markets. These cannabis markets might be identified by resi-
dents and place managers in places such as in schools and 
transportations hubs. All areas with a high density of canna-
bis trade contain a drug scene near or ‘on top’ of the police's 
ODM despite the fact that the police indicate that only 10 
out of 36 ODM were specialized in cannabis-related crimes. 
This is a confirmation that there is some overlap between 
other types of drug dealing and the geography of cannabis. 
International literature shows that it is difficult to differenti-
ate them because ‘illegal drug markets are embedded in each 
other and buyers in one market are often sellers in another 
and vice versa’ (Sandberg, 2012, p. 1147). It is possibly that 
these particular places may be associated with areas where 
criminal gangs share their territory (Gerell et al., 2021). 
Note that in 35% of the cases in this study, drugs were reg-
istered at the same time with possession of illegal weapons, 
mainly knives. This in interesting pattern but it is worth 
pointing out that this study found distinct geographies of 
drug markets, some with links to private homes.

We also found that particular public places, with particu-
lar land uses are more associated with cannabis offenses 
(dealing, possession and use) than they would be by chance. 
Locations where cannabis-related offenses are detected tend 
to be either places where people converge, such as public 
transit environments or in settings that Hammer (2011) 
calls comfort places, such as apartments, garages, but also 
vehicles that are poorly surveilled. As previous research 
indicates, drug sellers in the United States seek apartment 
buildings that have no building manager on the premises 
(Felson & Clarke, 1998). These private locations allow for 
social contact between individuals without the police or the 
community noticing, as these locations also offer a low risk 
of police arrest, use and/or possession of cannabis/drugs. 
Previous research shows that through redesign, management 
and patrol, drug markets have been driven out of parks and 
shopping malls” (Felson & Clarke, 1998, p. 19).

Although cannabis rates were 33 times greater in inner-
city areas than the average for Stockholm municipality as a 
whole, several hotpots of mixed land use also concentrated 
cannabis crimes, especially in the most deprived areas in 
the outskirts, often around parks, outlets selling alcohol and 
transport nodes. Our evidence indicates the importance of 
specific facilities for crime, in particular, the role of manag-
ers in combating and/or promoting illicit drugs (Eck et al., 
2007). These findings can also be associated with princi-
ples of routine activity and social disorganization in some 
of deprived areas (see significance of income and rental), 
in ways that go beyond the traditional interpretation (e.g., 
Kubrin & Weitzer, 2003), perhaps linking decision-making 
regarding land use and crime distribution within and across 
neighborhoods in a city.

On a more technical note, model results suggest two 
contrasting components in the cannabis geography (deal-
ing, possession and use). High rates of cannabis and nar-
cotic offenses appear to occur both where there are more 
opportunities for crime (more supply and demand and use) 
and where there is more formal social control (more police, 
secondary schools and healthcare facilities). This pattern can 
be associated with the supply to drugs in healthcare facilities 
(stolen drugs) and/or police knowledge of what happens in 
the area as well as their interventions (police station). The 
level of explanation attained by the model varies from 15 
to 58%. Since problems of heteroscedasticity remained in 
most models, we suggest for future research inclusion of a 
categorical variable in the ML–Ghet model—groupwise het-
eroscedasticity to deal with the problem. The incorporation 
of new variables into these regression models is essential if 
their explanatory performance is to be improved. Now we 
turn to the final conclusions and further recommendations 
to research and practice.

Conclusions and Recommendations

This study sought to answer recent calls for better knowledge 
on the situational circumstances in which illicit recreational 
drugs occur by focusing on cannabis offenses (dealing, pos-
session and use) as recorded to the police in Stockholm, 
Sweden. The analysis is exploratory and it challenges the 
current taken for granted ideas about ineffective use of 
police statistics. Using a specially tailored police recorded 
database, we learned about the nature of cannabis offenses 
as they are recorded to the police in a Scandinavian city 
using spatial analysis techniques and regression models. 
Our findings show that the police records provide insightful 
information about a significant share of drug-related activi-
ties that was until now unknown in the Swedish context. 
Results revealed the links between drugs and other offenses 
in particularly criminogenic areas, the characteristics of the 
settings and the situational conditions in which cannabis 
use, possession and/or dealing occur. This study also pro-
vides evidence of interlinkages between cannabis and other 
crimes, opening up for new research questions in criminol-
ogy and other related disciplines that are now discussed 
below.

This research shows plenty of evidence of the relationship 
between particular land uses and crime that are crucial for 
both research and practice. Cannabis-related offenses (deal-
ing, possession and use) are recorded relatively nearer to 
bars, restaurants, nightclubs and other particular land uses 
than they would be by chance. This evidence indicates the 
importance of specific facilities for crime (in particular, 
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the role of managers and management styles in combating 
illicit drugs) and also that “something” beyond the com-
mon dynamics of routine activity or social disorganization 
indicators (see e.g., Inlow, 2019) may be at work at these 
places. That “something” may be linked to mechanisms by 
which decision-making indirectly influences neighborhood 
structure and crime levels. Mechanisms triggered by deci-
sions taken by government agencies and private developers, 
but also by those responsible for local place making. Special 
focus in interventions should be given to inner-city areas 
specialized in night life economy and to some of the most 
crime hidden poor neighbourhoods. Note that regardless 
of cannabis offenses type, rates are high in inner-city areas 
of Stockholm but also in some of the most deprived and 
socially disorganized neighborhoods, often associated with 
presence of transportation hubs, parks, gas stations, second-
ary schools. This is a task not for police officers only. Urban 
planners and architects in particular have a key role on the 
planning and maintenance of these areas in cooperation with 
the municipality, transport operators, private stakeholders 
and not least civil society in general. Previous research also 
indicated that the layout of certain parks or design of streets 
invites drug dealing (Felson & Clarke, 1998). Thus, in Swe-
den, urban planners and architects are frequently working 
together with local actors, including the police and private 
sector, in crime prevention schemes (advising managers in 
apartment complexes and place managers such as stations, 
parks, libraries, etc.). Using participatory schemes, they 
may be tackling some of these places where drugs might 
be sold or consumed (e.g., improving natural surveillance 
and management in isolated parking lots, dark garages, and 
secluded corridors, carrying out safety audits). Some of the 
work carried out by these professionals might be proactive, 
which means at the planning stages of a residential area.

We also recommend further investigation on the nature of 
“comfort places” (for example, apartments, garages, base-
ments, but also some commercial uses in residential environ-
ments), because they offer a low risk of police intervention 
but are important in making cannabis (and as our results 
show, other drugs) available to consumers. On one hand, 
the role of site managers (managers, landlords, house own-
ers, security guards) in preventing drug storage/delivery in 
these environments should be further investigated, in par-
ticular, in-depth knowledge about the interplay between the 
design of mixed land use (which include both convergent 
settings and comfort places), the role of place managers and 
the approaches of other stakeholders in these areas. On the 
other hand, it is necessary to know more about the impact of 
the structure of the local housing market in generating places 

conducive to crime. In Sweden, rental housing markets are 
state regulated. However, there is an element of self-regula-
tion by the market through second-third hand leases between 
non-owners. This rental system creates a lack of control over 
properties and makes the job of place managers difficult in 
criminogenic neighbourhoods.

This analysis was impaired by data limitations. First, 
we acknowledge that unknown share of drugs used in peo-
ple’s homes or other private environments is ever going 
to be recorded to the police. For all types of crimes, there 
will always be a degree of under detection and this affects 
police records. Secondly, previous research indicates the 
problem of selection biases in the police statistics (gener-
ated by both recording inequalities and police practices) 
that affect the spatial analyses of the data and lead to 
biased outputs. However, as this study show, it is impor-
tant to consider differences in country contexts, and crime 
types, as police records may also reflect the variability 
of levels of social control in neighborhoods. In Sweden, 
more than a third of police records of the cannabis trade 
in Sweden are reported to the police by residents and 
not as result of direct police action (The Swedish Police 
Authority, 2019). Thirdly, we observed that the detection 
of the cannabis offenses peaks in early evening, and there 
is some concentration in particular months of the year, 
but such temporal trends should be considered with cau-
tion. Finally, it would be interesting to compare 2019 data 
with 2020 to observe how COVID-related restrictions and 
social isolation affected the location of cannabis-related 
offenses. Crowdsourced data might be an alternative as 
crime reporting practices changed over the pandemic. 
Sweden implemented minor stay-at-home orders (still 
travel with public transport, walk around in parks, keep on 
living your life with some limitations regarding bars, res-
taurants and work). Previous research in Sweden showed 
that the number of reported crimes decreased compared 
with previous years, especially for property crimes at the 
very beginning of the pandemic (Ceccato et al., 2022; Ger-
ell et al., 2020) but returned to previous levels by mid-June 
2020. Despite these limitations, this exploratory study 
constitutes the first step in providing a better foundation 
for future analyses in investigating the situational condi-
tions of cannabis offenses in a Scandinavian context.

Appendix

See Table 3.
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Table 3   Characteristics of the dataset

Type of data Description Year Source Variables in the model Average Stand. 
Deviation

Crime statistics Cannabis 5005—Dealing/trade of 
cannabis crime location 
(x, y)

2019–
2020

Police 
authority

Rate of trade of can-
nabis per DeSO per 
1000 population

0.726 1.909

5010—Possession of 
cannabis crime location 
(x, y)

Rate of possession of 
cannabis per DeSO 
per 1000 population

3.533 8.308

5011—Use of cannabis 
crime location (x, y)

Rate of use of cannabis 
per DeSO per 1000 
population

1.498 2.814

5004—Production of 
cannabis crime location 
(x, y)

Rate of cases of pro-
duction of cannabis 
per DeSO per 1000 
population

0.068 0.327

Cannabis-related crime 
locations (x, y) meaning 
dealing, possession and 
use

Rate of cannabis-
related crimes per 
DeSO per 1000 
population

3.313 6.559

Narcotics Total crimes of narcotics Rate of narcotic crimes 
per DeSO per 1000 
population

46.761 132.897

Land use variables ATM Location (x, y) of ATMs 2020 Open street 
maps

Proportion of ATMs 
per DeSO population

0.189 0.835

Bar-Restaurant-
Nightclub

Location (x, y) of bars, 
nightclubs and restau-
rants

2020 Open street 
maps

Proportion of Bar-
restaurant-nightclub 
per DeSO population

2.797 7.536

Lights Location (x, y) of lights on 
the street

2020 Open geo-
data

Proportion of Lighting 
per DeSO population

204.650 295.667

High School Location (x, y) of high 
schools

2020 Open geo-
data

Proportion of High 
schools per DeSO 
population

0.187 0.689

Health facility Location (x, y) of hos-
pitals with emergency 
room

2020 Proportion of Hospital 
per DeSO population

0.003 0.060

Library Location (x, y) of libraries 2020 Open street 
maps

Proportion of Library 
per DeSO population

0.073 0.300

Police Station Location (x, y) of police 
stations

2020 Proportion of Police 
stations per DeSO 
population

0.022 0.190

Public toilet Location (x, y) of public 
toilets

2020 Open geo-
data

Proportion of Toilet 
per DeSO population

0.181 0.475

Gas station Location (x, y) of gas sta-
tions in Stockholm city

2020 Open street 
maps

Proportion of Gas 
stations per DeSO 
population

0.084 0.343

Parking lot Location (x, y) of parking 
areas

2020 Open geo-
data

Proportion of Parking 
areas per DeSO 
population

0.086 0.479

Transport stations 
_

Location (x, y) of trains, 
subway, and bus stations

2020 Open geo-
data

Proportion of Trans-
port stations per 
DeSO population

0.220 0.561

Parks Location (x, y) of green 
park areas

2020 Open geo-
data

Proportion of Parks per 
DeSO population

1.113 1.110
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Table 3   (continued)

Type of data Description Year Source Variables in the model Average Stand. 
Deviation

Open Drug Market Location (x, y) of ODM 
(cannabis specialized 
markets excluded) but 
all ODM have cannabis

2020 Malmö Uni-
versity

Proportion of ODM 
(specialized cannabis 
markets excluded) 
per DeSO population

0.047 0.252

Periphery 3 km radius around city 
center

2021 Own calcu-
lation

Dummy variable for 
distance of 3 km 
from city center

Demographic and 
socioeconomic

Young male The count of male pop. 
(ages 15–24) per DeSo

2019 SCB Proportion of male 
pop. (age 15–24) per 
DeSO population

90.933 44.827

Unemployment 
rate

Count of unemployed 
population per DeSO

2019 SCB Proportion of unem-
ployed population by 
DeSO workforce

229.335 122.751

Swedish citizens Count of population with 
Swedish citizenship per 
DeSO

2019 SCB Proportion of popula-
tion with Swedish 
citizenship per DeSO 
population

1580.27
5

355.842

Non-Swedish 
citizens

Count of population with 
no Swedish citizenship 
DeSO

2019 SCB Proportion of popula-
tion with no Swedish 
citizenship per DeSO 
population

207.395 173.952

Single parent 
families

Count of households with 
one parent per DeSO

2019 SCB Proportion of single 
parent households 
per total households 
per DeSO

70.538 27.239

Social allowance The average of social 
allowance per DeSO

2018 SCB The average social 
allowance per DeSO 
for population older 
than 20 years old

2910.845 1767.770

Income The average income per 
DeSO

2018 SCB The average income 
per DeSo for popula-
tion older than 20 
years old

385,938
419

112,288.727

Non-Swedish born Count of population born 
abroad per DeSO

2019 SCB Proportion of popula-
tion born abroad per 
DeSO population

457.183 320.846

Swedish born Count of population born 
in Sweden per DeSO

2019 SCB Proportion of popula-
tion born in Sweden 
per DeSO population

1333.391 361.043

Multifamily house Count of population per 
multifamily houses per 
DeSO

2019 SCB Proportion of mul-
tifamily houses 
population per DeSO 
population

1412.306 607.428

Single-family 
house

Count of population per 
single family houses per 
DeSO

2019 SCB Proportion of 
single-family houses 
population per DeSO 
population

260.805 523.962

Rental house Count of rental houses per 
DeSO

2019 SCB Proportion of rented 
houses per total 
houses per DeSO

389.542 270.101
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