
ABSTRACT
Traffic collisions affect millions around the world and 

are the leading cause of death for children and young 
adults. Thus, Canada’s road safety plan is to reduce 
collision injuries and fatalities with a vision of making 
the safest roads in the world. We aim to predict fatal-
ities of collisions on Canadian roads, and to discover 
causation of fatalities through exploratory data analysis 
and machine learning techniques. We analyse the vehicle 
collisions from Canada’s National Collision Database 
(1999–2017.) Through data mining methodologies, we 
investigate association rules and key contributing factors 
that lead to fatalities. Then, we propose two supervised 
learning classification models, Lasso Regression and 
XGBoost, to predict fatalities. Our analysis shows the 
deadliness of head-on collisions, especially in non-inter-
section areas with lacking traffic control systems. We also 
reveal that most collision fatalities occur in non-extreme 
weather and road conditions. Our prediction models 
show that the best classifier of fatalities is XGBoost with 
83% accuracy. Its most important features are “collision 
configuration” and “used safety devices” elements, out-
numbering attributes such as vehicle year, collision time, 
age, or sex of the individual. Our exploratory and pre-
dictive analysis reveal the importance of road design and 
traffic safety education.

KEYWORDS
fatality; collision; prediction; classification; data  
mining; road safety.

1.	 	INTRODUCTION
Each year, traffic collisions kill approximate-

ly 1.35 million people around the world and are 
the leading cause of death for children and young 
adults [1]. In 2017, Canada’s number of motor 
vehicle fatalities and injuries reached 1,841 and 
154,886, respectively [2]. Meanwhile, the need for 
transportation steadily increases with the addition 

of more than half a million registered vehicles in 
Canada each year [3]. Therefore, collision analysis, 
prevention, and prediction deserve even greater im-
portance. 

The mission to prevent traffic injury requires 
correct road infrastructure and precise traffic con-
trols, as well as educated users and safe vehicles. At 
the national level, Canada is implementing “Cana-
da’s Road Safety Strategy 2025” retaining the long 
term plan of making Canada’s roads the safest in the 
world [4]. Also, more local road safety programs are 
being adopted through “Vision Zero”, a road safety 
plan that aims to reduce traffic-related fatalities and 
serious injuries in cities, such as Edmonton [5] and 
Toronto [6]. 

We utilise Canada’s National Collision Data-
base (NCDB) to predict fatalities and to investigate 
patterns in collisions on Canadian roads. Our goals 
are (1) to discover associated rules and causations 
of fatal collisions (a collision with at least one fa-
tality) through analysing collision data-elements; 
(2) to discover associated rules and causations of 
individuals fatalities through analysing all data-el-
ements, including collision, vehicle, and personal 
data-elements; (3) to predict the individuals’ fatal 
or non-fatal outcome by using all data-elements; 
and (4) to discuss the key contributing factors to the 
individuals’ fatalities. Our findings show the impor-
tance of infrastructural design considerations, crash 
prevention and injury control systems, and public 
education.

This paper is organised as follows: in Section 
2, the related background research is discussed; in 
Section 3, the data is described; in Section 4, the 
process and methodology is explained; in Section 5, 
our initial analysis is presented; in Section 6, results 
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back-over collisions with child pedestrians, utilis-
ing the Canadian Hospitals Injury Reporting and 
Prevention Program’s injury dataset for the years 
from 1994 to 2003.

In the literature, there are some papers on this 
database, NCDB. One study [18], used two attri-
butes, vehicle year and collision severity, and con-
sidered a subset of NCDB covering the years from 
2001 to 2003. By combining these attributes with 
some external datasets, an association was found 
between older vehicles and mechanical failure as 
well as a higher rate of alcohol and drug use, un-
belted occupants, and unlicensed drivers. Addition-
ally, the research in [19] performed an analysis of 
the NCDB for the years between 1999 and 2012 to 
identify possible dangerous traffic scenarios that 
could result in injuries and fatalities. It reported a 
higher fatality rate in collisions involving streetcars 
driven by older drivers. Lastly, the research in [20] 
used a sub-dataset specialising in the survivability 
factors for the cyclists hit by motor vehicles, dis-
cussing the impacts of age, sex, helmet usage, and 
collision configuration. In our study, we consider all 
the available years (1999–2017) and utilise all the 
variables (collision, vehicle, and personal data-el-
ements) presented in the NCDB. This allows us to 
extensively analyse and predict collisions in Cana-
da.

3.	 	DATA DESCRIPTION AND DATA  
PRE-PROCESSING
In this paper, we conduct analyses and predic-

tions on all the police-reported vehicle collisions on 
public roads in Canada, from 1999 to 2017. Both 
the open-source database and the data dictionary are 
provided by Transport Canada at the Government 
of Canada’s National Collision Database (NCDB) 
[21].

The NCDB dataset has 20 columns, excluding 
the ID columns, and 6,772,563 rows of observa-
tions, each representing a person involved in a col-
lision. These reported observations have resulted 
from 2,570,235 collisions. The columns address 
collision, vehicle, and personal data-elements. Col-
lision-related elements have temporal attributes 
including year, month, day of the week, and col-
lision hour; spatial attributes including collision 
configuration, roadway configuration, number of 
vehicles involved in the collision, weather con-
dition, road surface, and road alignment; as well 
as collision severity and traffic control attributes.  

of our exploratory data analysis and predictions is 
presented; and lastly, in Section 7 and 8, the threats 
to validity and the discussion is showcased.

2.	 	BACKGROUND
Analyses of collision databases are an ongoing 

process leading to numerous research worldwide. 
Research is undertaken in various countries with 
different datasets, each with unique research ques-
tions to address. For example, in the United States, 
the crash frequencies of Washington State are mod-
elled given the collision and location type, the se-
verity of the crash, and the number of vehicles in-
volved [7]. Whereas in California, a focused study 
of the vehicle-by-vehicle crash data is conducted to 
extensively discuss the rear-end crashes [8]. In Ja-
pan [9], the vehicle-to-pedestrian-accidents data is 
used to predict the seriously injured body regions of 
pedestrians by considering various factors includ-
ing the accident year, vehicle type, travel speed, and 
pedestrian gender and age. Meanwhile, the research 
in [10] used the data on road accidents with heavy-
goods vehicles and buses for 27 European Union 
countries over 10 years and analysed safety param-
eters, such as area type, the season of the year, the 
weekday, casualty age and gender. Nevertheless, 
Colombia [11], Taiwan [12], and Serbia [13] sepa-
rately examined spatial features such as road geom-
etry and precipitation, as well as temporal attributes 
such as hour and day of the week, whereas India 
[14] analysed individuals’ characteristics such as 
driving patterns and drunk driving to describe the 
traffic accidents and casualties.

In Canada, important research is conducted on 
severe collisions examining its causes and impacts. 
The research in [15] analysed all traffic collision 
events in which at least one person was killed or se-
riously injured in Toronto. The spatio-temporal and 
behavioural patterns are examined using the Killed 
or Seriously Injured dataset covering the years from 
2007 to 2017. The results of this exploratory data 
analysis show the prevalence of collisions in inter-
sections, in the spring and summer, as well as in the 
presence of aggressive and inattentive driving. On 
the other hand, the study on the Canadian Nation-
al Population Health Survey for the years between 
1994 and 2002, reported a higher percentage of 
subsequent injuries for binge drinkers, respondents 
with poor health, respondents with distress, and 
respondents using two or more medications [16]. 
The research in [17] provided a special focus on the 
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Conversely, 77 vehicles, the highest number of ve-
hicles, were reported in a collision on Friday, Feb-
ruary 2006 and on Friday, January 2013. Of the 
2,978,768 collisions, 1,001,610 collisions involved 
two cars traveling in the same direction, 1,006,752 
collisions involved two cars traveling in the different 
directions, 930,766 collisions were with only a sin-
gle vehicle in motion, and 39,640 collisions resulted 
by hitting a parked vehicle. However, we note head-
on collisions as the deadliest of all configurations, 
because almost 9% of head-on collisions result in at 
least one fatality. Most of the collisions are report-
ed to have taken place in non-intersections such as 
mid-block or at an intersection of at least two public 
roadways. It is important to note that only 0.07% 
of the collisions occurred while passing or climb-
ing lanes, or in a freeway system. Most collisions 
occurred in areas of no traffic control, contributing 
to almost 60% of all collisions. Nevertheless, sec-
ond and third most frequent collisions were report-
ed where traffic signals were fully operating and a 
stop sign was in place, respectively. Similarly, we 
note that only 13% of the individuals involved in a 

Vehicle-related elements contain vehicle type and 
model year, whereas personal-related elements con-
tain the person’s sex and age, their position in the 
collision, the road user class, safety devices used, 
and the individuals’ injury severity. Our dependent 
variable is “individuals’ injury severity”. This has 
three classes: no injury, injury, and fatality. Fatality 
represents immediate death or death within 30 days 
of the crash, except in Quebec before 2007 (eight 
days) [2]. For the analysis of this paper, we merge 
no injury and injury classes into one class represent-
ing non-fatalities. We rename the dependent vari-
able as “individual fatality.”

In our initial analysis of the 19 years of data, 
from 1999 to 2017, we found that 98.41% of the 
collisions have resulted in no fatality, meanwhile, 
1.59% have resulted in at least one fatality. Over the 
years, we observe a general decreasing trend in the 
number of collisions from 1999 to 2017, reaching 
its record minimum in 2017. Similarly, we observe 
a general decreasing trend in fatal collisions from 
1999 to 2017, reaching its lowest and second-low-
est values in 2015 and 2014, respectively. Then, we 
shifted our analyses from collisions to victims of 
these collisions, where Figure 1 shows the decline in 
the number of victims over the years.

For instance, over the 19 years, 43.30% of the 
people involved in the collisions had no injuries, 
whereas 55.97% were injured and 0.73% had died 
before having a chance to get any medical assis-
tance. It is important to note that, the number of 
non-injuries and injuries has hit the lowest in 2017, 
with 118,199 and 152,772 individuals, respectively. 
Most importantly, 1,856 individuals were killed in a 
collision in 2017, showing a 37.72% decrease from 
1999, as shown in Figure 2. 

We noted a gradual increase in the number of 
collisions from Monday to Friday, reaching its 
peak on Fridays. We found the highest frequency 
of collisions to occur between 3 pm and 6 pm. In-
terestingly, we observed the highest frequency in 
August, a summer month, and the least in Febru-
ary. This correctly matches our findings that most 
collisions occur in clear and sunny skies, dry and 
normal road surfaces, and straight and levelled 
roads, outnumbering collisions in harsher weath-
er and road conditions. We, also, found that more 
than half of the collisions took place between two 
vehicles. In addition, we can conclude that most 
collisions have resulted in light-duty vehicles, 
such as passenger cars, vans, and pick-up trucks.  

19
99

Years

N
um

be
r o

f i
nd

iv
id

ua
ls

 in
 th

ou
sa

nd
s

30
0

0
10

0
20

0

20
17

20
15

20
13

20
11

20
09

20
07

20
05

20
03

20
01

Figure 1 – The number of individuals involved in collisions 
over the years
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Figure 2 – The number of individuals killed in collisions over 
the years
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Additionally, pinpointing certain inconsistencies 
within personal and vehicle data-elements allowed 
us to correctly address more missing values. For ex-
ample, by using the known positions of individuals 
in a vehicle, we imputed the unknown “road class 
user” attributes. We also imputed the missing values 
under the “number of vehicles” attribute with the 
maximum vehicle ID involved in that collision. We 
omitted 6.51% of the “individual fatality” attribute, 
which either had missing severity values or repre-
sented the hypothetical passengers in empty, parked 
cars. Lastly, we utilised Multivariate Imputation via 
Chained Equations (MICE) [22] to impute incom-
plete collision data-elements, where story-based 
imputations were not possible. As our method’s 
parameter, we selected Bayesian polytomous re-
gression to impute our unordered categorical vari-
ables. Our pre-processed final dataset has 2,570,233 
collisions, and 6,338,138 individuals involved in 
collisions. Table 1 features the three most prevalent 
levels of each collision data element from a total of 
2,570,233 collisions. Table 2 and Table 3 feature the 
three most prevalent levels of personal and vehicle 
data elements, respectively, from 6,338,138 obser-
vations.

collision were either not wearing a safety device or 
a child restraint, or there was no safety equipment, 
illustrating a bus setting. However, about 44% of 
such unsafe conditions resulted in individuals' in-
stant death. Our analysis regarding the demograph-
ic of individuals showcases that 56% of individuals 
involved in a collision were male. Also, a significant 
number of fatalities have included individuals aged 
between 18 and 20 years, regardless of their lower 
death ratio from 60+ year-olds. On the other hand, 
although pedestrians are involved in less than 4% 
of all collisions, their fatalities make up more than 
14% of all fatalities, signifying their vulnerability. 

We conducted missing value imputations by 
mining specific story-based relationships between 
certain collision attributes. Firstly, within complete 
cases, we found that 96% of the rainy conditions 
had wet surfaces, allowing us to fill the unknown 
road surface values of all rainy conditions with wet 
surfaces. Then, similarly, 90% of the dry surfaces 
had clear and sunny skies, therefore we filled the 
unknown weather conditions of all dry surfaces 
with clear and sunny skies. Thirdly, 87% of the 
clear and sunny skies had dry road surfaces, there-
fore we filled the unknown road surface values of 
all clear and sunny conditions with dry surfaces. 
Table 1 – Collision data elements

Variable Most prevalent examples (quantity)

Collision year 2002 (156,415); 2000 (155,838); 2003 (152,980)

Collision month August (233,382); July (231,301); December (231,171)

Collision day Friday (433,487); Thursday (391,724); Wednesday (373,744)

Collision hour 16:00–18:00 (588,252); 13:00–15:00 (529,392); 10:00-12:00 (402,576)

Number of vehicles 2 (1,477,201); 1 (835,861); 3 (205,947)

Collision configuration Rear-end collision (686,544); Right-angle collision (367,237); 
Other single vehicle collision (346,047)

Roadway configuration At an intersection of at least two public roadways (1,235,694); Non-intersection (1,152,890); 
Intersection with parking lot entrance/exit, private driveway or laneway (131,160)

Weather Clear and sunny (1,800,934); Overcast, cloudy but no precipitation (279,937); Raining 
(259,251)

Road surface Dry, normal (1,737,494); Wet (467,530); Icy (169,805)

Road alignment Straight and level (1,932,005); Straight with gradient (264,472); 
Curved and level (211,852)

Traffic control No control present (1,514,287); 
Traffic signals fully operational (672,086); Stop sign (284,879)

Collision severity Non-fatal (2,529,047); Fatal (41,186)
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We trained our training set by using two super-
vised learning classification algorithms: Lasso Re-
gression (Least Absolute Shrinkage and Selection 
Operator) [24] and XGBoost (eXtreme Gradient 
Boosting) [25]. Lasso Regression is a special type 
of linear regression. It adds a penalty equivalent to 
the absolute magnitude of regression coefficients 
and tries to minimise them by performing variable 
selection, and regularisation to prevent overfitting 
by discouraging building complex, flexible models. 
We used Lasso Regression on a five-times cross-val-
idated training set. Lasso Regression is given by the 
equation, 
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of shrinkage.

As λ increases, more variable coefficients ap-
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that implements the gradient boosting on the deci-
sion tree learning algorithm. XGBoost aims to min-
imise the loss function, 
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4.	 	METHODOLOGY
In our initial analysis, we conducted univariate, 

bivariate, and multivariate statistical methods. In 
our exploratory analysis, we used a classical data 
mining methodology, the a priori algorithm, to find 
frequent subsets and association rules in the dataset. 
We conducted this algorithm firstly, to find subsets 
in collision data-elements that lead to a fatal colli-
sion, and secondly, to find subsets in all data-ele-
ments that lead to a person’s death. We list our find-
ings with the highest lift values. Lift represents the 
strength of the association rules since it describes 
the likelihood of the outcome given a combination 
of dependent variables, while accounting for the 
popularity of the variables in the dataset. 

Before creating our prediction models, we split 
our dataset into a 70% training set and a 30% test set. 
Our goal is to perform binary classification within 
the “individual fatality” attribute: fatality class vs. 
non-injury/injury class. We proposed the following 
three methods to treat these imbalanced classes in 
our training set. With undersampling, we selected 
a proportion of the observations from the majori-
ty class to create a balanced dataset. With Random 
Over-Sampling Examples (ROSE) [23], we popu-
lated the minority class by creating synthetic exam-
ples. As a third method, we used the combination of 
both under- and over-sampling methodologies [23].

Table 2 – Personal data elements

Variable Most prevalent examples (quantity)

Person’s sex Male (3455176); Female (2,760,739)

Person’s age 18 (185,210); 19 (181,410); 20 (172,896)

Person’s position during 
collision 

Driver (4,228,869); Front row, right outboard, including motorcycle passenger in sidecar 
(1,000,314); Second row, right outboard (295,000)

Safety device used
Safety device used or child restraint used (4,803,467);
No safety device equipped, such as buses (518,534); 
No safety device used or no child restraint used (221,414)

Road class user Motor vehicle driver (3,996,636); 
Motor vehicle passenger (1,790,185); Pedestrian (244,830)

Individual fatality Non-fatal (6,292,122); Fatal (46,016)

Table 3 – Vehicle data elements

Variable Most prevalent examples (quantity)

Vehicle type Light duty vehicle (5,221,555); Pedestrian (250,800); 
Other trucks and vans (184,556)

Vehicle model year 2000 (318,730); 2002 (302,609); 2003 (296,915)
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5.	 RESULTS

5.1	 Exploratory data analysis
The results for our exploratory analysis are 

shown in Tables 4 and 5 with a minimum support 
value of 0.01 and a minimum confidence val-
ue of 0.05. The tables display higher lift val-
ues showcasing the importance and strength of 
the association rules on their respective out-
comes: collision severity and individual fatality. 
Table 4 shows the most significant combinations 
of collision data-elements that result in fatal col-
lisions. The top six lift values range from 8.59 
to 7.03 as shown below, whereas the minimum 
lift value observed in the association rules for  
collision severity is 3.15. Some collisions that 
result in at least one fatality have a mutual trait 
which is seen in every single rule, that is, head-on 
collisions. Head-on collisions are defined as two 
vehicles traveling in different directions. Specif-
ically, head-on collisions at non-intersected road 
configurations with dry road surfaces are likely 
to result in fatal collisions (Rule1). Similarly, it is 
also probable for fatalities to occur during head-on 
collisions at non-intersected road configurations 

Here, γ represents the complexity of each leaf, T 
represents the number of leaves, λ is a penalty scal-
ing parameter, and w represents the vector of scores 
on leaves [25]. This boosting algorithm minimises 
error in sequential models through improving from 
the shortcomings of previous iterations. It conducts 
regularisation, and parallel computation to compute 
faster, allowing us to iterate our boosting algorithm 
1200 times. Our model is based on a learning rate 
(eta) of 0.5 and a maximum depth of three. We used 
the objective of “binary:logistic” for our binary 
classification. We chose these supervised learning 
models, due to their promising performance with 
our large and sparse dataset. We evaluated our mod-
els on the test set with accuracy, sensitivity, and 
specificity measures. Accuracy is the ratio of the 
correctly predicted outcomes over the total number 
of samples in the test set. Sensitivity is defined as 
the true positive rate. In our dataset, it represents the 
ratio of the correctly identified fatalities to all fatal-
ity samples. Specificity is defined as the true nega-
tive rate, where it represents the ratio of correctly 
identified non-fatalities to all non-fatality samples.
Table 4 – Rules for collision severity

{Left-hand side} => {CollisionSeverity = At least one fatality} Lift Count

Rule1 {CollisionConfiguration = Head-on, RoadConfiguration = Non-intersection, RoadSurface = 
Dry/Normal} => {C_SEV = 1} 8.59 3,853

Rule2 {CollisionConfiguration = Head-on, RoadSurface = Dry/Normal, TrafficControl = No control 
present} => {C_SEV = 1} 7.77 4,205

Rule3 {CollisionConfiguration = Head-on, RoadConfiguration = Non-intersection, Weather = Clear/
Sunny} => {C_SEV = 1} 7.67 3,830

Rule4 {CollisionConfiguration = Head-on, RoadConfiguration = Non-intersection, TrafficControl = 
No control present} => {C_SEV = 1} 7.12 6,615

Rule5 {VehiclesInvolved = Two, CollisionConfiguration = Head-on, RoadConfiguration = Non-inter-
section} => {C_SEV = 1} 7.04 5,630

Rule6 {CollisionConfiguration = Head-on, RoadConfiguration = Non-intersection} => {C_SEV=1} 7.03 6,699

Table 5 – Rules for individual fatality

{Left-hand side} => {IndividualFatality = Fatal} Lift Count

Rule1 {SafetyDevices = None, UserClass = Motor vehicle driver} => {P_ISEV = 1} 10.65 7,086

Rule2 {VehiclesInvolved = One, SafetyDevices = None} => {P_ISEV = 1} 9.87 7,365

Rule3 {RoadConfiguration = Non-intersection, SafetyDevices = None} => {P_ISEV = 1} 9.79 8,337

Rule4 {Passenger = Driver, SafetyDevices = None} => {P_ISEV = 1} 9.16 7,379

Rule5 {TrafficControl = No control present, SafetyDevices = None} => {P_ISEV = 1} 9.03 9,849

Rule6 {VehicleType = Light duty vehicles, SafetyDevices = None} => {P_ISEV = 1} 8.66 8,837
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This XGBoost model’s most important features 
are “collision configuration” and “used safety devic-
es” elements, in which each variable has a contribu-
tion importance of more than 15% in the model, as 
seen in Figure 3. On the other hand, the least import-
ant factors are the “number of vehicles involved” 
and “person’s sex”, with each having less than 3% 
variable contribution importance in predicting the 
fatality of a person involved in a collision.

6.	 	DISCUSSION AND CONCLUSION
This paper analyses and predicts traffic-related 

fatalities in Canada through initial analyses, data 
mining techniques (association rules), and classifi-
cation models (Lasso Regression and XGBoost).

From our initial analysis, we observe that most 
collision fatalities took place during the day with 
clear sunny skies, and straight dry road surfac-
es, elucidating the large number of collisions in 
non-extreme conditions. We think that the relatively 
low collisions in extreme conditions, such as unsafe 
road curvature, nights, or harsh Canadian weather, 
might be due to the driver's cautiousness in high 
perceived risk areas. However, we cannot reach this 
conclusion in full accuracy, since our dataset does 

with clear skies (Rule3). In fact, the combination of 
only two attributes, head-on collisions, and non-in-
tersection, are dominant enough to result in fatal 
collisions (Rule6). It is also important to note the 
lack of traffic control present, such as the lack of 
warning signs, flashing traffic signals, or road mark-
ing, at intersected or not intersected areas may lead 
to fatal head-on collisions (Rule2, Rule4). 

In Table 5, the top six lift values range from 10.65 
to 8.66 as shown below, whereas the minimum lift 
value observed in the association rules for individu-
al fatality is 6.94. All data-elements, including col-
lision, vehicle, and personal elements, are consid-
ered to find the most significant patterns leading to 
sudden fatal injuries. It is crucial to note that some 
individuals that died immediately during the crash 
or within the time limit had no safety device or child 
restraint, as shown in all the six rules. Other signif-
icant rules were the combinations of a lack of per-
sonal safety with one of the followings: a motor ve-
hicle driver (Rule1, Rule4), a one-vehicle collision 
(Rule2), at a non-intersection area (Rule3), no traf-
fic control present (Rule5), and light-duty vehicles 
(Rule6). In fact, of the top six lift values presented, 
the highest number of fatal injuries occur when the 
roads have no traffic control and the individual has 
no safety devices (Rule5).

5.2	 Prediction models
The results of our chosen predictions models 

are shown in Table 6 which illustrates the balancing 
sampling method, prediction model, and perfor-
mance measures. The accuracy results of our Las-
so and XGBoost training models ranged between 
81% and 89%, indicating good predictions, with no 
over-fittings in the test set. We examine that XG-
Boost performs slightly better than Lasso, in all 
scenarios including undersampling, oversampling, 
or combined-sampling. In fact, the best model is a  
balancing method using combined-sampling fol-
lowed by an XGBoost training model. This model’s 
predictions on the test set display 83% accuracy, 
79% sensitivity, and 83% specificity. 
Table 6 – Prediction results on the test set of individual fatality

Sample Model Accuracy Sensitivity Specificity

Combined:
Under & Over

Lasso 0.81 0.79 0.81
XGBoost 0.83 0.79 0.83
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Figure 3 – Feature importance graph of our best performing 
model, XGBoost
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a threat to construct validity. We resolved this threat 
by using balanced sample sets for the training of our 
binary classification models.

In the future, we plan to work on traffic-related 
datasets with drivers’ behaviour-related attributes 
from North America. This will allow us to explore 
different causations of fatalities and to attain a more 
generalisable model. 

DATA AVAILABILITY
The open-source National Collision Database 

and its data dictionary are available at https://open.
canada.ca/data/en/dataset/1eb9eba7-71d1-4b30- 
9fb1-30cbdab7e63a. 
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