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Abstract
Crime datasets are important tools for determining police funding and the allocation of police resources, however biases in the way crimes are reported may affect the reliability of this information.
This report utilizes data on reported crimes in Toronto to: (1) assess crime trends in Toronto and the
rates at which police successfully clear crimes, and (2), discuss ways in which the selective reporting of
crime statistics can be misleading or misinterpreted. While the number of reported crimes in Toronto
have been slowly increasing between the years 2014-2019, the number of crimes cleared by the police has
remained stable, indicating a decrease in police performance as measured by clearance rates. However,
problems including the under-reporting of certain types of crimes and decisions to count single criminal
incidents consisting of multiple offenses as separate crime counts underlie the conclusions drawn from
the data, making it difficult to esitmate the true extent of crime and police performance in Toronto.
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Introduction

In light of publicized cases of police brutality and evidence of racial prejudice among police forces in North
America there has been a public call for governments to “defund the police”. This movement supports the
reallocation of police department funds towards other services which promote public safety such as social
services and community resources (Weichselbaum and Lewis 2020). While supporters range from seeking
a moderate amount of reductions to a complete abolition of police services, the movement has also been
criticized, with some people suggesting hastily cutting funds to the police can have consequences and might
even lead to increased crime rates (Jackman 2020). However, even before the movement to defund the police
grew in 2020 there have been policy concerns about police overfunding in Canada. According to a report
by The Fraser Institute, the number of police officers employed per 100,000 of the population in Canada
has been increasing while crime rates and officer workload1 have been decreasing (Di Matteo 2014). Despite
this, modern policing has evolved beyond just reactively dealing with crimes, meaning a number of other
complex factors contributing to police expenditures need to be considered when discussing funding.
Crime statistics are an important tool for budget planning and resource allocation for law enforcement funding. Data from crime reports are often used to calculate clearance rates, which measure the number of crimes
successfully solved by the police (Baughman 2020). Clearance rates are usually used as benchmarks to compare performance among police forces and aid in decision making regarding funding allocations (McCormick
et al. 2013). However, whether clearance rates are an effective measure of police performance or not is
controversial since they can be measured differently and can easily be manipulated by officers (Baughman
2020). Statistics on the different types of crimes committed and the areas where crimes tend to be concentrated are also useful for resource planning. For example, proactive policing practices meant to stop crimes
before they occur can be implemented in certain areas with higher crime rates (Sullivan and O’Keeffe 2017),
and can be tailored to focus on preventing certain types of crimes which may be prevalent in an area, such
as drug offenses.
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and data are available at: https://github.com/westinmo/Toronto-Crime-Statistics
is measured as the number of criminal code incidents per officer.
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Given the importance of crime statistics in characterizing crime rates and making decisions about police
funding, it is important to understand how crime related data is reported and how it may be interpreted.
For this report, I will use open-access data from the Toronto Police Services to analyze how crime patterns
in Toronto have changed over the years and how data in criminal reports are organized and presented. More
importantly, I will discuss issues of bias in how crimes are reported, the ways in which crime information
from the dataset can be misleading or misinterpreted, and the real world implications these issues have. The
dataset will be processed and analyzed in R (R Core Team 2020) primarily using the tidyverse (Wickham
et al. 2019) and dplyr (Wickham et al. 2021) packages. Figures and tables will be created with ggplot2
(Wickham 2016) and kableextra (Zhu 2020). The packages knitr (Xie 2021a), bookdown (Xie 2020), and
tinytex (Xie 2021b) are used to generate the R markdown report.
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2.1

Data
Data Source

This report utilizes data on reported crimes in Toronto obtained from the Toronto Police Service Annual
Statistical Report (ASR) (Toronto Police Service 2020b). The ASR is an annual overview of police related
datasets covering a range of topics such as crime statistics, budget, traffic reports, and communications.
Since 2019, datasets from the ASR have been openly available to the public and can be accessed through the
Toronto Police Service Public Safety Data Portal or the City of Toronto Open Data Portal. The reported
crimes dataset analyzed in this report was obtained in csv format from the City of Toronto Open Data Portal
using the R package opendatatoronto (Gelfand 2020). The dataset was last updated on November 9th,
2020.

2.2

Methodology and Data Collection

The dataset contains information on all criminal offenses that were reported to the Toronto Police Service
(TPS) from the years 2014 to 2019. Crimes can be reported to the TPS through a variety of avenues.
Common criminal reporting practices include calls to emergency services (911), the Citizen Online Report
Entry (CORE) system which handles reports of non-emergency incidents through telephone or online form
(Toronto Police Service 2021b), and anonymous tips from Crime Stoppers (Toronto Crime Stoppers 2021).
The ASR does not specify where the reports in the dataset are collected from, and only states it includes
all reported criminal offenses, including those considered unfounded after investigation. It is also unclear
whether the data includes only formally filed police reports or if it also contains data from anonymous tips
and reports received via Crime Stoppers. Additionally, it is unknown if the data only includes criminal
offenses reported by citizens, or if it also includes crimes reported by the TPS themselves which may have
been discovered on-duty through proactive policing practices.
While this dataset contains information on all reported crimes in Toronto, it is not an accurate representation
of actual crime rates in the city. There are established biases in the way crimes are selectively reported to
the police, which are likely reflected in this dataset. This is sometimes referred to as the dark figure of crime,
the amount of crimes which go unreported to the police. (Skogan 1977). Self-reported criminal victimization
data from the 2004 GSS indicated about two-thirds of Canadians experienced a criminal incident but did
not report it to the police (Statistics Canada 2009b). The majority of incidents that go unreported are
crimes that are less serious in nature such as petty theft (Skogan 1977), however there are still many cases
in which serious offenses go unreported. Sexual assault is among one of the most under-reported criminal
offenses, with 2014 GSS data reporting approximately 83% of sexual assaults were not reported to the
police (Department of Justice 2017). A number of factors may influence why a victim of sexual assault
may choose not to report to the police such as their relationship with the perpetrator, fear of retaliation,
or fear of not being believed (Kelly and Stermac 2008). A large portion of hate crimes are also believed to
be unreported often due to strained relationships between marginalized groups and the police resulting in
a lack of confidence in law enforcement (Pezzella, Fetzer, and Keller 2019). The under-reporting of various
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crimes leads to biased data which does not fully reflect the full breadth of crime and victimization in the city.
The characteristics of people who choose to report crimes and their reasons for doing so may systematically
differ from those who do not report crimes, leading to possible confounds in the data. This in turn can lead
to inaccurate calculations of crime rates and clearance rates, and can result in the misallocation of police
resources.
If the reported crimes in the dataset include those discovered and reported by the police themselves, issues
pertaining to bias in policing must be considered when examining the data. Racial bias in policing and
the use of proactive policing strategies such as stop and search has been a well-documented concern in
the United States and Canada (Manski and Nagin 2017). Non-white individuals, particularly those who are
black or Hispanic, are significantly more likely to be stopped, questioned, and arrested than white individuals
(Lytle 2014). Black individuals in the city of Toronto receive charges for criminal and drug offences at a
rate three times their baseline population data (Toronto Star 2010). The practice of carding in Toronto,
which allowed police officers to arbitrarily stop and question individuals without any cause for criminal
investigation likely contributed to racial disparities seen in policing (Evers 2018). In 2017, the province of
Ontario implemented a policy to regulate carding after an independent review determined the practice was
not effective at managing crime and disproportionately impacted racialized groups in a negative manner
(Tulloch 2020). However the practice was not banned entirely, meaning potential effects of carding and
charges laid on racialized individuals as a result of stop and search practices and racial discrimination in the
police force may underlie the data analyzed in this report.

2.3

Data Characteristics

The Reported Crimes dataset contains aggregated data of all criminal offenses reported to the TPS between
the years 2014 and 2020 (Toronto Police Service 2020a). There were 2031 observations in the dataset and
8 attributes: index, object ID, reported year, category, subtype, count (number of crimes reported), and
count cleared (the number of criminal reports that were cleared). The first two attributes, index and object
ID, were identical numerical identifiers which were removed prior to analysis. An additional attribute to
estimate clearance rates was created during analysis by dividing the number of criminal reports counted as
cleared by the total number of crimes, multiplied by 100. The crime counts were aggregated by geographical
division, category, subtype and year. Finally, the criminal reports contained in the dataset include those
that the TPS deemed unfounded after further investigation, crimes which may have taken place outside the
city of Toronto, and crimes with no verified location. A sample view of the dataset is displayed below.
##
##
##
##
##
##
##
##
##

# A tibble: 6 x 7
ReportedYear GeoDivision
<fct>
<fct>
1 2014
D11
2 2014
D11
3 2014
D11
4 2014
D11
5 2014
D11
6 2014
D11

2.3.1

Category
<fct>
Controlled D~
Crimes Again~
Crimes Again~
Crimes Again~
Crimes Again~
Crimes Again~

Subtype
Count_ CountCleared ClearRate
<fct>
<dbl>
<dbl>
<dbl>
Other
200
195
97.5
Auto The~
119
42
35.3
Break & ~
85
37
43.5
Break & ~
58
18
31.0
Break & ~
89
34
38.2
Break & ~
23
7
30.4

Crime Counts and Clearance Rates

According to information provided by the TPS in the ASR glossary, a criminal offense is considered to
be cleared when a charge has been laid, recommended, or the perpetrator(s) have been identified but no
charges have been laid. However, it is unclear whether cleared cases in this dataset also include cases deemed
unfounded by the police. Figure 12 displays the total number of crimes reported and total number of crimes
that were cleared by year.
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were formatted for graphing using the melt package; Colour palette in Figure 1 is from the wesanderson package
(Ram and Wickham 2018)
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Reported Crimes are Gradually Increasing
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Figure 1: Total Number of Reported Crimes by Year
Note that the year refers to the year the crime was reported to the police, and does not necessarily indicate
the year the crime took place. Based on the figure, we can see a slight gradual increase in the number of
crimes reported to the TPS between the years 2014 and 2018, with the number of reports in 2019 being
similar to those from 2018. This does not necessarily mean that crime has been increasing in Toronto,
since a number of factors can contribute to observed increases in crime reports, such as population growth.
Similarly, the “true” number of crimes is unknown due to under-reporting.
Meanwhile, the number of crimes cleared by the police appears to have remained steady over the years despite
increases in reported crimes. Clearance rates have gradually decreased between 2014 and 2017 before sharply
decreasing between 2017 and 2018. The annual rates are listed as follows: 2014 (52.8%), 2015 (50.7%), 2016
(48.9%), 2017 (46.8%), 2018 (41.9%), and 2019 (41.5%). However this is just a rough estimate of the
clearance rate calculated based on the data provided in the dataset and should be interpreted with caution.
Many police forces use weighted clearance rates based on the severity of the crime to estimate performance
whereas clearance of more serious crimes such as homicide or assault are given greater weighting than less
serious crimes (McCormick et al. 2013). Further examination into clearance rates for different types of
crimes may provide better insights into why clearance rates appear to be decreasing. Notably, this dataset
does not include reported homicides, as there is a separate dataset in the ASR for homicide reports.
2.3.2

Category

The category variable contains information on the type of criminal offense reported to the police. The
dataset lists six main offense categories: crimes against property, crimes against the person, controlled drugs
and substances, criminal code traffic, other criminal code violations, and other federal violations. Incidents
categorized as multiple offense types were included multiple times in the dataset in each relevant category.
Figure 23 displays the distributions of reported crimes between 2014-2019 by category.
Across all six years, property crimes are consistently the most frequently reported crimes out of all the offense
types. Property crimes have also shown the largest increase in reports, particularly between the years 2015
and 2018. This could suggest that the increase in total crimes reported across the years observed might be
partially explained by the growing number of property crimes that have been reporting. After crimes against
property, crimes against the person and other criminal code violations were the most frequently reported
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crimes, both showing a small but gradual increase over the years. The remaining three categories, controlled
drugs and substances, criminal code traffic, and other federal statute violations were the least frequently
reported crimes.

Number of Crimes Reported

Property Crimes Are the Most Frequently Reported Category Offense

Category

75000

Controlled Drugs and Substances Act
Crimes Against Property
50000

Crimes Against the Person
Criminal Code Traffic
Other Criminal Code Violations

25000

Other Federal Statute Violations
0
2014

2015

2016

2017

2018

2019

Year

Figure 2: Number of Crimes Reported in Toronto by Category and Year
Clearance rates by criminal offense category are displayed in Figure 3. Offense categories that were reported
less frequently such as controlled drugs and substances, criminal code traffic, other criminal code violations,
and other federal statute violations had the highest clearance rates (all above 80%). Clearance rates for
Crimes against the Person are in the moderate range (around 60%). Depending on the severity, many of
the cleared crimes in this category such as assault and attempted murder would be given higher weighting
if a weighted method was used to calculate clearance rates. Property crimes had the lowest clearance rates
which declined from 36.4% in 2014 to 25.4% in 2019. Given the disproportionately high number of property
crimes reported in this dataset compared to other categories, the decreasing clearance rates in this category
likely contribute to the overall trend of low and decreasing clearance rates among all the crimes discussed
earlier.
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Figure 3: Clearance Rates by Category and Year
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2.3.3

Subtype

Reported crimes are further broken up into subtypes based on the six main category offenses. Table 14 lists
the number of crimes reported by year for each subtype. Again, crimes which involve multiple subtypes are
included multiple times in the dataset under each relevant subtype. This can lead to an inflated estimation
of the number of actual incidents which occur based on this data and impacts the reliability of the clearance
rates that were calculated. An estimated one half of sentenced offenders are sentenced for multiple crimes,
although it is unclear if this applies to the categorization of multiple offenses when crimes are reported prior
to sentencing (Roberts 2016). Statistics Canada recommends only reporting or counting the most serious
offense in incidents involving multiple offenses when calculating crime rates to avoid issues of over-counting
(Statistics Canada 2009a).
Table 1: Offense Subtypes of Crimes Reported to TPS
Subtype

2014

2015

2016

2017

2018

2019

Controlled Drugs and Substances Act
Other

4648

4678

4251

3678

2953

1706

Crimes Against Property
Auto Theft
Break & Enter-Apartment
Break & Enter-Commercial
Break & Enter-House
Break & Enter-Other
Fraud
Other
Theft Over $5000
Theft Under $5000

3608
1884
1933
2950
462
6729
11884
1025
38214

3517
2002
1950
2653
354
8007
12739
1061
37282

3475
1622
1914
2508
409
9625
13645
1073
39522

3714
1835
2140
2591
377
10164
14230
1206
43822

4932
2003
2592
2523
518
11729
14622
1268
52803

5443
2454
3343
2202
569
13377
14026
1405
52140

Crimes Against the Person
Assault
Attempt Murder
Other
Robbery-Financial
Robbery-Other
Sexual Violation

15140
86
4626
93
3275
2092

15892
119
5487
86
3113
2170

16563
132
4941
110
3341
2205

17125
126
4862
125
3561
2342

17833
186
4798
123
3192
2764

18885
147
4031
104
3154
2737

1936

1911

1975

1876

1683

1796

11083
1199

12271
1612

13176
1734

14135
1763

14614
1896

14972
1850

410

386

351

259

248

229

Criminal Code Traffic
Other
Other Criminal Code Violations
Other
Other Criminal Violations - Offensive Weapons
Other Federal Statute Violations
Other

Crimes against property is the category with the most offense subtypes, with theft under $5000 being the
most frequently reported criminal subtype across all the categories followed by assault. While the number
of sexual violation reports are on the lower end, the numbers in the dataset likely only represent a small
fraction of this type of crime due to historic under-reporting of sexual assault (Kelly and Stermac 2008).
It is also unclear if sexual violation includes all sex related crimes, since sexual assault is often categorized
under assault charges, or if cases of sexual assault are counted twice under assault and sexual violations.
Frequencies for other criminal subtypes are likely lower estimates of the actual number of cases due to underreporting, especially for smaller crimes. (Skogan 1977). Comparing reports from this dataset to anonymized
4 Table
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victimization data might give a better indication of the frequency of various types of criminal offenses which
occur in the city.
2.3.4

Geographical Division

The ‘GeoDivision’ variable in the dataset refers to the geographical division in which the reported crime
took place. The divisions correspond to the TPS divisions, pictured geographically in Figure 45 . Figure 5
displays the total number of crimes reported to the TPS by division6 and year.

Figure 4: Toronto Police Command and Divisional Boundaries
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Figure 5: Total Number of Crimes Reported in Toronto by Division and Year
5 Source:
6 Division

Toronto Police Service (Toronto Police Service 2021a)
54 and 55 were officially consolidated into one division in 2018
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Reported crime rates appear to vary by area, with divisions 52, 51, and 55 displaying the most crimes
reported in the dataset. Noticeably, these divisions are adjacent to one another and roughly represent the
downtown core of the city of Toronto, also called the Central Field of Command. This is consistent with past
research which suggests crime is usually concentrated in certain geographical hotspots (Farrell 2015). The
top two divisions with the highest number of criminal reports (divisions 51 and 52) are significantly smaller
in terms of geographical space compared to the other divisions, however these areas are likely the most
densely populated since they are situated in the downtown core. Higher crime rates in downtown Toronto
are generally associated with the number of bars and nightclubs in the area, and the increased homeless
population (Council 2020). However, we should be careful when simply attributing neighbourhood crime
rates to particular locations and populations when there are a variety of complex underlying factors which
may impact why certain areas have higher crime rates than others. For example, a report on spatial analysis
of crime in Toronto identified a strong relationship between violent crime rates and access to socioeconomic
resources (Charron 2009). Crime statistics such as neighbourhood crime rates can be useful indicators of
crime patterns in the city, but they don’t adequately capture the complexities of why these crimes occur.
Carelessly labeling neighbourhoods as more dangerous without addressing the underlying factors which
may be contributing to the crime rates can have harmful implications for these communities, including
stigmatization by the public and increased police presence and profiling.
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