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ABSTRACT
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The benefits of cycling are well known and many communities are investing in
cycling infrastructure in order to encourage and promote ridership. Safety is a primary
concern for new cyclists and remains a barrier for increasing ridership. Understanding
what influences cyclist safety requires knowing how many cyclists are riding in an area.
Lack of ridership data is a common challenge for cycling research and limits our ability
to properly assess safety and risk. The goal of our research was to incorporate new data
available through crowdsourcing applications to advance cycling research on ridership

and safety in the Capital Regional District (CRD), British Columbia (BC), Canada.

To meet our goal, our first analysis assessed how crowdsourced fitness app data
can be used to map and to quantify the spatial and temporal variation of ridership. Using
a dataset from a popular fitness app Strava, we compared how manual cycling counts
conducted at intersections during peak commuting hours in Victoria compared to the
number of crowdsourced cyclists during these same count periods. In order to estimate
ridership at unsampled manual count locations, we used Poisson regression to model the
association between manual counts and infrastructure variables found to influence
ridership. Our results found that there was a linear association (r* between 0.4 and 0.58)

between crowdsourced cyclists and manual count cyclists, which amounted to one



v

crowdsourced cyclist representing 51 riders. Crowdsourced cyclist volumes, traffic
speeds, on street parking, slope, and time of year were found to significantly influence
the amount of cyclists in different count locations with a predictive accuracy of 62%.
Overall, crowdsourced data from fitness apps are a biased sample of ridership; however,
in urban areas in mid-size North American cities, cyclists using fitness apps may choose

similar routes as commuter cyclists.

Our second analysis used crowdsourced data on cyclist incidents to determine the
factors that influence incident reporting at multiuse trail and roadway intersections.
Using incident reports from BikeMaps.org, we characterized attributes of reported
incidents at intersections between multiuse trails and roads and also examined
infrastructure features at these intersections that are predictors of incident frequency. We
conducted site observations at 32 multiuse trail-road intersections in the CRD to
determine infrastructure characteristics that influence safety. Using Poisson regression we
modeled the relationship between the number of incidents (collision and near misses) and
the infrastructure characteristics at multiuse trail-road intersections. We found that
collisions were more commonly reported (over near misses) at multiuse trail-road
intersections than road-road intersections (38% versus 27%), and incidents involving an
injury were more common (35% versus 21%). Cycling volumes, vehicle volumes, and
lack of vehicle speed reduction factors were associated with incident frequency. Our
analysis was able to use crowdsourced cycling incident data to provide valuable evidence
on the factors that influence safety at intersections between multiuse trails and roadways

where diverse transportation modes converge.



Through this thesis we help to overcome limitations for cycling research and
planning by demonstrating how crowdsourced ridership and safety data can help fill gaps
and supplement available data. Our methodology integrates the high spatial and temporal
resolution of crowdsourced cycling data with the detailed attributes provided by
traditional ridership counts. We also demonstrate how volunteered safety data can allow
new questions on safety to be explored. Improving data available for cycling research
allows for a more comprehensive understanding of the factors that influence ridership and

safety and, in turn, informs decisions targeted at increasing cycling.
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1.0 INTRODUCTION

1.1 Research context

Cycling provides many benefits for both cyclists and communities. Cycling can
reduce obesity, diabetes and heart disease by increasing daily activity (Pucher et al.,
2010). Research has shown that countries whose citizens use active modes of
transportation, such as cycling and walking, have lower levels of obesity (Bassett et al.,
2008). Using active modes of transportation can have profound impacts on overall health
and longevity (Pucher et al., 2010) and cities that are pedestrian and cycling friendly are
associated with higher overall levels of happiness (Choi, 2013). At a city level, cycling
presents an opportunity to shift modes of transportation away from motor vehicles
(Winters and Teschke, 2010), which can reduce emissions and congestion (Cupples and
Ridley, 2008). Cycling use is much lower in North American cities compared to other
parts of the world (Pucher and Buehler, 2008), which creates a large potential to increase

ridership (Pucher and Dijkstra, 2003) and the benefits of cycling in North America.

A primary barrier to increasing ridership is the perception that cycling is an
unsafe mode of transportation (Nelson et al., 2015). Many people do not feel comfortable
cycling (Dill and McNeil, 2012), especially near motor vehicles for fear of being
involved in a crash (Parkin et al., 2007). However, most citizens are open and interested
in the idea of cycling if conditions for safety were improved (Dill and McNeil, 2012). To
evaluate safety, researchers often use traditional cycling crash statistics from police
reports, insurance claims, or hospital records to determine where crashes occur and the

conditions that may have led to a crash. However, crashes reported through traditional



means are often only reported for severe events that are relatively rare (Nelson et al.,
2015). Minor or less severe events are often not reported but are important for safety and

the perception of safety among potential riders.

A fundamental challenge for cycling research and planning is lack of data about
where people ride and overall safety. Research has shown that cycling incidents are
underreported and in some cases only 30% of incidents are recorded (Tin Tin et al., 2013;
De Geus et al., 2012). Incidents that are less severe or those that do not involve a
motorized vehicle are often not reported, but may provide valuable information for
understanding and monitoring problem areas. Monitoring and assessing safety requires
reliable ridership data in order to account for exposure or the ‘exposure to risk’ faced by
each cyclist (Nelson et al., 2015; Reynolds et al., 2009). Ridership data are difficult to
capture across time and space and existing methods can be expensive and time
consuming to collect; however, communities investing in infrastructure rely on cycling
data for monitoring progress, safety, planning, and prioritize cycling initiatives. Current
methods for data collection could be vastly improved by considering new technologies

for collecting and capturing data for cycling research.

1.2 Research focus

New opportunities from crowdsourced applications present new information that
can improve the data available for cycling research. Crowdsourced data (or Volunteered
Geographic Information) allows citizens to collect geographic data about features in their
environment (Goodchild, 2007). The popularity of smartphone apps continues to grow,

which has created large amounts of data in a variety of different contexts (Kanhere,



2013). The ability to use Global Positioning Systems (GPS) through smartphone apps for
route tracking purposes has become popular in the cycling community, with websites
such as Strava, MapMyRide, and Garmin allowing users to map their own detailed
cycling routes and monitor use (Jestico et al., 2016; Kessler, 2011). Crowdsourcing can
also engage citizens through online platforms to be a part of the planning process for new
cycling infrastructure (Le Dantec et al., 2015). Capturing information from local citizens
through crowdsourcing could provide higher quality information due to their local
knowledge of their own community (Kamel Boulos et al., 2011). Using crowdsourced
data within the context of cycling research is a growing research field to monitor
ridership (Griffin and Jiao, 2015; Jestico et al., 2016) and safety (Nelson et al., 2015).
The crowdsourcing website BikeMaps.org allows citizens to map the location of a
cycling incident and provide details such as time of day, weather conditions, sight lines,
as well as demographics like age and gender (Nelson et al., 2015). Using the popularity
of GPS smartphone based apps and web applications, crowdsourced data present new
information for researchers but require more insight in order to understand how to use

appropriately.

Using data generated from ‘the crowd’ can cause concerns about the overall
quality of the data (Barbier et al., 2012). Potential biases and overall accuracy of user
submitted content can be difficult to understand and quantify (Foody et al., 2013; Jackson
et al., 2013). Citizens providing data may have hidden motivations for providing
information, which could affect the overall quality of data (Coleman et al., 2009).
Concerns using crowdsourced data are challenging to overcome, but can be alleviated by

demonstrating applications in practice. To overcome these barriers and concerns around



the quality of crowdsourced data, research is needed to provide examples of how

effectively use and evaluate these datasets.

1.3 Research goals and objectives

Our research goal was to incorporate crowdsourced data to advance cycling
research on ridership and safety. To meet our goal, we conducted two studies on two

different types of crowdsourced data: one on ridership and one on cyclist safety.

The first objective (Chapter 2) was to examine how a crowdsourced dataset from
the Strava fitness app could be used to estimate ridership volumes throughout the year in
Victoria, BC, Canada. To meet our objective, we compared how manual cycling counts
conducted at intersections during peak commuting hours in Victoria at different times in
the year compared to the number of crowdsourced cyclists counted during the same count
period. Drawing on existing research on factors that influence ridership, we integrated
continuous GIS covariates including topography, traffic speeds, on street parking, and
time of year along with crowdsourced data for all of Victoria to create prediction maps
for ridership volumes at different times of the year. We discussed how our results
compared with existing literature on factors that influence ridership. We explored how
our results from a case study in a mid-size North American city explain route choice
between fitness app users and all cyclists. In our study, crowdsourced cyclists using
fitness apps choose similar routes as commuter cyclists in urban environments. We
highlighted how crowdsourced data from fitness apps are a biased sample of ridership;
however, combining with other GIS covariates, crowdsourced data can provide valuable

information for predicting ridership volumes in areas where no traditional data sources



are available. The importance of this contribution is significant for cycling research,

safety, and planning.

Our second objective (Chapter 3) was to investigate how a crowdsourced cycling
incident dataset could be used to assess safety at intersections between multiuse trails and
roads. We used a cycling incident dataset from BikeMaps.org and examined reported
collisions and near misses at multiuse trail and road intersections along the Galloping
Goose Trail in the Capital Regional District, BC, Canada. We compared attributes of
incident reports at multiuse trail-road intersections to road-road intersections to examine
differences. We conducted site visits at intersections along the Galloping Goose Trail to
examine infrastructure characteristics associated with incident reporting. We then
modeled the relationship between the number of incidents and infrastructure
characteristics at multiuse trail-road intersections. Given that standard cycling incident
records (such as police and insurance reports) were limited along multiuse trails, we
showed how crowdsourced cycling incident data can be used to assess safety when other
datasets are limited. We provided insight into the characteristics of multiuse trail-road
intersections that are associated with incident reporting. We were able to showcase how
crowdsourced incident data collected from citizens can provide valuable information for

assessing safety at these intersections.

1.4 Research study area

The Capital Regional District (CRD) on Vancouver Island has some of the highest
cycling ridership in Canada. The percentage of commuting trips by bike is 3.20%

(Capital Regional District, 2011). Given the mild climate, with temperatures rarely



reaching below zero degrees Celsius, the CRD presents a key study area for researching
cycling year round. Recently proposed and substantial investments in cycling
infrastructure within the CRD also highlight the importance to understanding cycling
trends. In order to understand and monitor ridership trends and safety, the CRD conducts
manual cycling volume counts throughout the year. However, these lack spatial and
temporal detail and could be improved by integrating new data sources through

crowdsourcing.
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2.0 MAPPING RIDERSHIP USING CROWDSOURCED CYCLING DATA

2.1 Abstract

Cycling volumes are necessary to understand what influences ridership and are
essential for safety studies. Traditional methods of data collection are expensive, time
consuming, and lack spatial and temporal detail. New sources have emerged as a result of
crowdsourced data from fitness apps, allowing cyclists to track routes using GPS enabled
cell phones. Our goal is to determine if crowdsourced data from fitness apps data can be
used to quantify and map the spatial and temporal variation of ridership. Using data
provided by Strava.com, we quantify how well crowdsourced fitness app data represent
ridership through comparison with manual cycling counts in Victoria, British Columbia,
Canada. Comparisons are made for hourly, AM and PM peak, and peak period totals that
are separated by season. Using Geographic Information Systems (GIS) and a Generalized
Linear Model we modelled the relationships between crowdsourced data from Strava and
manual counts and predicted categories of ridership into low, medium, and high for all
roadways in Victoria. Our results indicate a linear association (r* 0.40 to 0.58) between
crowdsourced data volumes and manual counts, with one crowdsourced data cyclist
representing 51 riders. Categorical cycling volumes were predicted and mapped using
data on slope, traffic speeds, on street parking, time of year, and crowdsourced ridership
with a predictive accuracy of 62%. Crowdsourced fitness data are a biased sample of
ridership, however, in urban areas the high temporal and spatial resolution of data can
predict categories of ridership and map spatial variation. Crowdsourced fitness apps offer
a new source of data for transportation planning and can increase the spatial and temporal

resolution of official count programs.
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2.2 Introduction

Increased concern over global climate change has resulted in a growing need for
sustainable transportation modes that are emission free (Chapman, 2007). These can
include active transportation such as cycling and walking, which provide a number of
health benefits to participants while also reducing motor vehicle congestion and
greenhouse gas emissions (Cupples and Ridley, 2008; Handy et al., 2014). Among active
modes, cycling has perhaps the greatest potential for growth in North America (Pucher
and Dijkstra, 2003), with many cities having low cycling rates as low as 1% (Pucher and

Buehler, 2008).

Data on cycling volumes support decision making and research by enabling, for
example, investigation of factors that influences ridership (Griswold et al., 2011;
Niemeier, 1996) and quantification of exposure when assessing cycling safety (Nelson et
al., 2015). Ridership data are difficult to obtain and often limited by traditional methods
of data collection (Gosse and Clarens, 2014; Nordback et al., 2013). Traditional data
collection methods typically include manual counts of cyclists during peak commuting
periods, which are adjusted to provide an estimate of overall ridership. While traditional
counts provide an indication of overall volumes, they lack spatial detail and temporal
coverage (Ryus et al., 2014). More recently cities are installing permanent count stations
(Griffin et al., 2014), which provide excellent data on ridership through time but continue
to lack spatial detail. In an effort to better characterize ridership, annual average daily
bicycle (AADB) volumes have been utilized to apply daily and monthly adjustment
factors to explain fluctuations in cyclists volumes at different periods of the year (El

Esawey, 2014). Stated preference surveys have also been employed, which ask cyclists to
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provide input into characteristics that are important when choosing cycling routes
(Forsyth et al., 2012; Sener et al., 2009; Stinson and Bhat, 2003). The existing suite of
ridership survey methods can provide insight into cycling route choice, but can be
challenging to implement over broad spatial scales (Griffin and Jiao, 2015) and are

expensive to repeat through time.

Through the expansion of Global Positioning Systems (GPS) new methods for
collecting detailed cycling route information have emerged. GPS enabled mobile devices,
such as smartphones, allow individuals to track and map their location (Broach et al.,
2012; Casello and Usyukov, 2014; Hood et al., 2011; Le Dantec et al., 2015).
Researchers have used GPS tracks of cyclists to quantify variables that influence route
choice such as slope, distance, bicycle facility, traffic speeds, and on-street parking
(Broach et al., 2012; Casello and Usyukov, 2014; Hood et al., 2011; Menghini et al.,
2010). GPS technology has also led to popular use of fitness apps, where individuals can
track routes, distance, and speed when exercising. Data generated through fitness apps is
a form of “crowdsourced data”. Crowdsourced data allows the public to engage and
provide data for a wide variety of transportation areas (Misra et al., 2014), including
valuable insight into cycling route choice included in bikeability assessments
(Krykewycz et al., 2012). Strava is one of the largest cycling fitness apps in the world,
with global coverage and over 2.5 million GPS routes uploaded weekly (Strava, 2015).
Strava is marketed to athletes for training and fitness tracking; however, any type of
cyclist may use the app. One study (Griffin and Jiao, 2015) examined Strava data in
Austin, Texas and found that users tended to use roads with bicycle lanes, shoulders,

paths, steep slopes, and in populated places (Griffin and Jiao, 2015).
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While crowdsourced fitness app data present an opportunity to collect detailed
space-time ridership data, as with all crowdsourced data, there are challenges to effective
use. Crowdsourced data lack the quality assurance of traditional geographic data
collection measures (Goodchild and Li, 2012). Additionally, concerns around potential
biases from user submitted content are difficult to quantify without comparing against
reference data sources (Jackson et al., 2013). Cyclists may be using fitness apps for
commuting purposes; however, this might be a secondary objective for downloading the
app. While challenges exist, the volume and space-time resolution of crowdsourced data
may have additional information content that can be leveraged to improve the availability

of ridership data.

Our goal is to determine if crowdsourced fitness app data can be used to quantify
and map the spatial and temporal variation of ridership within a city. We analyzed a
crowdsourced fitness app dataset from Strava from January 1, 2013 to December 31,
2013 in Victoria, BC, Canada and according to the following objectives. First, we
quantified linear correlations in space-time cycling trends between standard ridership
surveys and crowdsourced data. Second, we constructed a model to predict total bicycle
volumes using crowdsourced data and Geographic Information Systems (GIS) metrics
associated with ridership. Third, for Victoria we mapped predicted categorical ridership

volumes (low, medium and high) along individual road segments by season.
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2.3 Materials and Methods

2.3.1 Study area

Our study area is the city of Victoria, BC Canada. Victoria has a population of
approximately 80,000 residents and boasts the highest percentage of the population that
cycles to work in Canada at 5.9% (Statistics Canada, 2011; Statistics Canada, 2012)
(Figure 2.1). Victoria is the urban core of the wider Capital Region District with a
population of approximately 375,000 (Capital Regional District, 2014). Victoria
temperatures on average range between from 0°C (32°F) in the winter and 24°C (75°F) in
the summer and precipitation levels range from 19mm in summer to 233mm in winter
(Government of Canada, 2015). As a reflection of Victoria’s climate, many cyclists ride
year round; however, ridership is highest in spring and summer months. The cycling
facilities in the region consist of on-street bike lanes and multi-use paths, most notably
the four metre wide paved Galloping Goose Regional Trail, a 60 km trail heavily used by
both commuter and recreational cyclists. During the time period of this study no

separated bike-only facilities existed.

2.3.2 Victoria Cycling Counts

In 2013 manual counts of cyclists were completed at 18 locations in Victoria as
part of the regional bike count program. Cyclists are counted in January, May, July, and
October to capture variation in seasonal cycling volumes due to changes in weather
conditions. 34 days of manual counts were collected (n=6, 8, 6 and 14 in each season).
Manual counts ranged from 15-534 cyclists per hour, 59-1296 during peak periods, and

143-2169 daily. Count stations consisted of two-, three- or four-leg intersections and
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included major roadways with and without bike lanes, quiet residential streets, on street
parking, and paved multi-use trails. Cyclists were counted on one week day (Tuesday,

Wednesday, or Thursday) during peak commuting traffic periods (7-9 am and 3-6 pm).

2.3.3 Crowdsourced cycling data from the Strava fitness app

We obtained a crowdsourced cycling dataset from Strava for 2013 for all of
Victoria, BC. The data provided by Strava included a road network shapefile where the
number of Strava users cycling on a particular roadway could be queried. There were
3,650 unique cyclists using Strava, which collectively mapped 74,679 routes in the
Victoria region (Table 2.1). Ridership counts were provided for each road segment at a
one-minute temporal resolution. 77% of users were male and 19% were female and 4%
did not specify a gender (Table 2.1). The high spatial and temporal coverage of Strava
data in Victoria allows for counts to be obtained in the same locations and time periods as
those collected through manual counts. Strava cyclists at the same locations ranged from
0-20 cyclists per hour, 0-38 during peak periods, and 0-59 daily. While only a small
portion of the Strava data was used to directly compare with manual counts, much more

was used in creating prediction maps for volumes of cyclists at unknown locations.

2.3.4 Summary of explanatory variables

Seven explanatory variables using geospatial datasets were used in this study
(Table 2.2). The variables were considered based on their relevance in previous research

evaluating cycling route choice.
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2.3.5 Crowdsourced data and manual count comparisons

To compare cyclist counts between crowdsourced data and manual count data,
crowdsourced data were aggregated into hourly intervals and matched to days when
manual counts were conducted. PostGreSQL was used to summarize and extract
crowdsourced data counts for each individual road segment in Victoria. We then
aggregated these volumes for each road segment to match manual count periods between
7am-9am and 3pm-6pm. Comparisons between the two datasets were made at an hourly
level, AM period (7-9am combined) and PM period (3-6pm combined), and peak period
totals (AM and PM periods combined). R? values using simple linear regression for each
time period provide an indication of the strength of the relationship between manually
counted cyclist volumes and crowdsourced cyclist volumes. The r* became stronger as
the time window increased: for the hourly, AM and PM periods and peak period totals the
> was 0.40, 0.56, and 0.58, respectively. As a result, all subsequent analysis focused on

the peak period total volume of riders cycling during the AM and PM count periods.
2.3.6 Modeling analysis

We developed a test model to examine the feasibility of predicting cycling
volumes in Victoria, using crowdsourced data and other explanatory variables listed in
Table 2.2. We used a Generalized Linear Model (GLM) with a Poisson distribution, as
ridership data are in the form of count data (Crawley, 2005; Zuur et al., 2010). GLMs
have the added benefit of being flexible in terms of model parameters, which allow for
varying distributions to be fitted (Zuur et al., 2007). In the GLM we aimed to predict

cycling volume for all unsampled, individual road segments in Victoria. The 34 days of
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manual cycling volumes at 18 count locations were the dependent variable. Explanatory
variables offered to the model were those found to be significant in previous studies.
Time of year was included to correspond with manual count dates. Crowdsourced cyclist
volume data (e.g., Strava) was included as an explanatory variable, as data coverage for
Victoria was nearly continuous. We modeled predicted cycling volumes at a daily level to
provide a broad overview of cycling volumes across AM (7am-9am) and PM (3pm-6pm)
peak traffic periods for each season (January, May, July, and October). Predictions were
made across the entire road and trail network in Victoria, including paved multi-use

paths.

We used step-wise backward selection to remove explanatory variables not
associated with volumes at a significance of p<0.05 (Crawley, 2005). Collinearity
between explanatory variables was examined using Variance Inflation Factors (VIF), and
those above a threshold VIF of 4 were removed from the model to reduce the effects of

collinearity between explanatory variables.

2.3.7 Model error analysis

Model error was evaluated using cross validation. Data were randomly partitioned
into 90% and 10% subsets, where the GLM prediction was fit on the 90% subset and
tested on the 10% subset 100 times. This 10% subset represents a sample of data that
were not used in building the model and as such can be used to compare how well the
GLM predicts cycling volumes compared to the observed volumes within this 10%
portion. By conducting cross validation 100 times, each with a random 90% and 10% of

data, an average error was computed to determine the percent difference between
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predicted cycling volumes (using 90% subset) and observed cycling volumes (10%

testing subset).

2.3.8 Categorical breakdowns of cycling volumes

As the aim of the model was to predict categories of cycling volumes, we also
assessed the accuracy of predictions to low, medium, and high classes. Five different
classifications breakdowns of low, medium, and high cycling volumes were assessed to
compare predicted volumes to observed volumes. Kappa coefficients were calculated to
provide a measure of classification accuracy and a suitable classification to use for

mapping (Jensen, 2005).

2.3.9 Mapping cycling volumes

We created maps using the prediction model derived for Victoria cycling volumes
and the selected classification levels for all road and trail segments in Victoria. Given the
variation in cycling volumes during the year, we created maps for each count season to
provide a visual indication of the changes in volumes throughout the year. Volumes of

cyclists were grouped in low, medium, and high categories for mapping.

2.4 Results

The results section below summarizes the methodological process and highlights
key findings for each section. First we explain the results of the GLM analysis and
variables found to be associated with cycling volumes. Second we assess the accuracy of
the model based on a cross validation approach using training and testing datasets. Third,

we examine the results of different categorical breakdowns used to distinguish low,
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medium and high cycling volumes based on the GLM predictions. Finally, we examine

the results of the prediction maps generated for each season in Victoria.

2.4.1 Modeling analysis results

Results of the GLM for predicting cycling volumes included five explanatory
variables (Table 2.3): Crowdsourced data volumes, segment slope, posted speed limit,
time of year, and available on street parking. By taking the exponential of the log
estimate compared to the model intercept, log estimates can be transformed into cycling
volume change that is represented by a one unit increase in each variable or factor level.
Count locations with more crowdsourced cyclists were associated with increased manual
count volumes: given the regression coefficient, an increase of one crowdsourced cyclist
would correspond to 51 more cyclists at a location, all other parameters held constant.
For slope, a one percent increase in slope resulted in 72 fewer cyclists. Segments with
posted limits of 50 km/h and 40 km/h had lower cyclist volumes than 20 km/h, while 30
km/h road segments were higher volume. Time of year significantly affected cycling
volumes with May, July, and October all resulting in increased volumes compared to
January. Seasonality mattered; in May there were 703 cyclists more than January, in July
986 more, and October was similar to January. The presence of on-street parking
facilities was shown to deter cyclists, where segments with on-street parking having 237
fewer cyclists compared to areas with no on-street parking. Variables not retained in the
model include pavement width (p-value=0.291), population density (p-value=0.863), and

bike facilities (p-value=0.884).
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2.4.2 Modeling error analysis results

Through cross validation, 100 model iterations using a random 90% and 10%
subset of data were conducted and had an overall average model error of 38%. On

average, over half of the predictions (55%) had errors of less than 30% (Figure 2.2).

2.4.3 Categorical breakdown of cycling volume results

We assessed five different categorical breakdown thresholds for predicted cycling
volumes using low, medium, and high classes. Results compared the predicted volumes
to observed volumes using categorical breakdowns and the associated accuracy of how
well predictions were made in each category (Table 2.4). Scenario 3, where low volumes
of cyclist were between 0-199, medium volumes of cyclist between 200 and 999, and
high volumes 1000+, had the highest predictive accuracy of all low, medium and high
categories with 76%, 77%, and 85% respectively. While the Kappa coefficient was
slightly lower than other scenarios, categorical predictions were conducted in subsequent
analysis and are most accurate using this scenario. Based on this, the Scenario 3 threshold

ranges were used for subsequent predictive model mapping.

2.4.4 Mapping cycling volumes results

The predicted cycling volume maps by season are shown in Figure 2.3, using
classification breakdowns of low (0-199), medium (>200-999), and high (>1000) based
upon highest accuracies. May and July had overall higher volumes of cyclists on all
roadways than January and October. Most roadways that had high volumes of cyclists in

January and October remained high throughout the year.
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2.5 Discussion

We assessed the contribution of crowdsourced cycling volume data, collected
through the Strava cycling app, for predicting cycling volumes in Victoria, the Canadian
city with the highest work commute cycling mode share (Statistics Canada, 2011). Our
findings suggest that crowdsourced data may be a good proxy for estimating daily,
categorical cycling volumes. Although crowdsourced cyclists represent a small portion of
all cyclists, comparison with manual counts revealed a linear relationship between
crowdsourced cyclists and total ridership in Victoria. The associations were strongest
when ridership was aggregated to peak period totals that included both AM and PM
counts of cyclists where the regression analysis accounted for 58% of the variance
between the two datasets. Crowdsourced data from Strava is generally marketed as a
fitness app with users in Victoria logging an average trip distance of 30 km. In urban
areas, recreation and commuting riders seem to use the same routes, at least during mid-

week.

Based on the results of the GLM analysis, locations with more crowdsourced
cyclists were shown to predict increases in overall cycling volumes. On average, an
increase of one crowdsourced cyclist represented an increase of 51 cyclists compared to
the baseline volume of cyclists at a count station. The presence of riders using
crowdsourced fitness apps can be an important indicator of overall cycling activity during
peak weekday commuting periods. While crowdsourced riders only represent a sample of
the overall cycling population, this sample can significantly improve model prediction

capabilities. Future studies should investigate associations between crowdsourced cyclist
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volumes and cyclists volumes on weekends, or off-peak weekday periods, when higher

proportions of recreational and fitness riders are expected.

The key predictors influencing Victoria cyclists’ route choice are consistent with
previous research results. Steeper slopes are deterrents (Broach et al., 2012; Hood et al.,
2011), and in our study a one percent increase in slope resulted in 72 fewer cyclists on
average. In our analysis, we restricted the model to the most urban area, and our results
may indicate that in urban locations, recreational riders and commuters use the same
routes. A similar study focusing on the larger city of Austin Texas, USA which included
rural areas, found that a sample of Strava cyclists preferred to cycle in areas with steeper
slopes, which were thought to provide a more physical challenge (Griffin and Jiao, 2015).
In scenic or more rural areas outside of Victoria the route selection of Strava riders may
vary more. Traffic speeds and on street parking have both been found to deter cyclists
(Hood et al., 2011; Stinson and Bhat, 2003), and this was consistent with our results.
Seasonality was significantly associated with cycling volume, as has been found
elsewhere (Heinen et al., 2010; Miranda-Moreno and Nosal, 2011). While spring and
summer months saw increased cycling volumes attesting to more favourable weather
conditions, weather conditions in Victoria are less extreme than other locations in Canada

that see colder temperatures and increased snowfall.

A surprising result was that presence of bike facilities was not significant in
predicting cycling volumes. This may be due to the limited number of count stations with
cycling facilities. Of the 18 count stations, only two on-road locations had bicycle
facilities, which were painted bike lanes on all intersection legs, and only one count

station was located along an off-street multi-use path, albeit a location with three times



23

the cycling volume of other locations. Substantial evidence shows that off-street paths are
a preferred infrastructure type (Broach et al., 2012; Heinen et al., 2010a; Winters and
Teschke, 2010) and that cyclists will detour a small amount (<400m) to areas where these
are available, owning to their importance in route choice (Winters et al., 2011). Studies in
other areas with more manual count locations along bike facilities may yield different

conclusions.

Model error highlighted the error between predicted cycling volumes and
observed cycling volumes at each count station. The overall average model error was
38% based on cross validation. Error results indicated that the majority of predicted
volumes (55%) had errors less than 30%. Categorical breakdowns of low, medium and
high volumes of cyclists highlighted that using a range of 0-199 for low, 200-999 for
medium, and 1000+ for high had the highest predictive categorical accuracy of 76%,

77%, and 85%.

Predicted cycling volume maps outlined the change in cycling volumes at
different times of the year. May and July saw overall levels of ridership increase over
January and October. However, volumes along major cycling routes remained high
throughout the year. Prediction maps move beyond identifying individual variables that
influence cycling to provide visual depictions of changes in cyclist volume across space
and time. The added benefit of these maps is their ability to provide important cycling
exposure data for safety studies aiming to characterize risk. By mapping cycling volumes,
we provide a visual context for discussions between various stakeholders that can aid

future management decisions surrounding cycling infrastructure and planning.
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This was the first study to evaluate the contribution of crowdsourced data to
predicting cycling volumes, and was conducted in the Canadian city with the highest
proportion of cycling commuters. The investigation lays out a model for how this
widespread crowdsourcing datasets can bring added value to modeling cycling volumes.
The limitations of this exploratory work could be enhanced by inclusion of origin and
destination data and we invite repetition of this work in areas with extensive manual

count programs.

2.6 Limitations

This research provides a novel approach to incorporating crowdsourced data to
predict cycling volumes, but there are limitations to note. The focus of this research is on
urban environments and the results are most applicable to other similar mid-size North
American cities. Results may differ in large metropolitan centres or rural environments,
or if Strava riders’ route choices differ from general cyclists more substantially. We used
all 18 manual count locations available for Victoria. Count locations were determined by
the municipality. The availability of data for more count stations might strengthen model
predictions. Less proximal stations would also limit any effects of spatial autocorrelation.
Given the evidence on the impacts of motor vehicle traffic volumes on cycling route
choice (Kang and Fricker, 2013; Sener et al., 2009), traffic volume would have been a
desirable covariate for models. However, traffic volume was not available for study

locations.
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2.7 Conclusions

Understanding ridership trends and cycling route choice is a critical component of
cycling research and practice, in order to inform safety, planning, and policy related to
cycling. This research aimed to incorporate crowdsourced data to predict cycling
ridership volumes across Victoria, BC throughout the year. Our results found that within
urban environments and in mid-size North American cities, cyclists using crowdsourced
fitness apps choose similar routes as commuter cyclists. In more scenic and rural
environments this result could differ. Crowdsourced cycling data present a new type of
data that allows for continuous spatial and temporal coverage to be incorporated with
manual counts, through modelling and GIS, to predict categories of cycling volumes.
Integrating the spatial and temporal detail contained within crowdsourced cycling data
can provide valuable insight to supplement existing techniques for assessing cycling
route choice. We welcome this work to be repeated in other settings, especially
comparisons across urban and rural settings, to understand if spatial and temporal route

choice trends vary by setting.
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Table 2.1 Victoria Sample Strava Rider Age and Gender Breakdown
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Age Male Female
Under 25 174 (6%) 32 (5%)
25-34 591 (21%) 185 (27%)
35-44 712 (26%) 151 (22%)
45-54 527 (19%) 83 (12%)
55-64 249 (9%) 53 (8%)
65-74 80 (3%) 9 (1%)
75-84 6 (0%) 1 (0%)
85-94 0 (0%) 0 (0%)
Age not specified 460 (16%) 169 (25%)
Total 2799 (77%) 683 (19%)

Gender not specified

166 (4%)




Table 2.2 Explanatory variables considered for analysis
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Description  Source Type Variable Operationalization Relevance
Category(s)
Strava fitness Strava.com  Shapefile = Continuous Count of the number of Potential for crowdsource data
app data cyclists using Strava on each  in transportation and cycling
road segment for any chosen  (Misra et al., 2014; Krykewycz
time period in 2013. et al., 2012).
Slope (%) Geological  Raster Continuous  Slope map calculated from Cyclists found to be generally
Survey of DEM and average slope (%) deterred by areas with hills and
Canada DEM w.oa attributed to each road increased slope (Broach et al.,
resolution segment. 2012).
Population Statistics Polygon Continuous  Population density given by Denser population areas shown
Density Canada population per km? for each to have more cyclists (Winters
(population Census census tract in Victoria. etal., 2010).
per km?) Tracts Value attributed to road
segments that are located in
each tract.
Pavement City of Shapefile =~ Continuous Roadway width from curbto ~ Wide roadways shown to be
Widths (m) Victoria curb for each road segment. deterrent for cyclists (Allen-
Munley and Daniel, 2006).
On-street City of Shapefile  On-street On-street parking permitted Parked vehicles on roadways
parking Victoria parking or not on each road segment.  deter cyclists (Stinson and
permitted or Bhat, 2003).
not
Posted City of Shapefile  20km/h, Posted traffic speed limit Motor vehicle volumes
Traffic Victoria attributed to each road deterrent and cyclists prefer

low traffic speed areas. (Hood



Speed limit

Bike
Facilities
(painted bike
lanes and
paved multi-
use trails)

Capital
Regional
District

Shapefile

30km/h,
40km/h,
50km/h
Yes

No

segment.

Bike facility refers to a
painted bike lane or multi-use
trail. If either was present on
a road segment or trail then

’

denoted as ‘Yes’ or ‘No’.
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etal., 2011; Landis et al.,
1997)

Cyclists prefer to use bike
facilities especially off-street
pathways (Stinson and Bhat,
2003; Winters et al., 2013)
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Table 2.3 Regression Estimates for GLM of cycling volumes along street segments

Variable Category Estimate Cycling volume P-value
change per 1 unit
(log) increase
Crowdsourced Continuous  0.050 +51 <0.001
cyclist volume
Segment Slope (%)  Continuous  -0.078 -72 0.002
Posted Speed Limit ~ 50km/h -1.424 -740 <0.001
(reference 20km/h)  40km/h -1.942 -834 <0.001
30km/h 0.261 +291 0.025
Month May 0.543 +703 <0.001
(reference January)  July 0.700 +986 <0.001
October 0.009 +9 0.938
On Street Parking Yes -0.279 -237 0.007

(reference none)




Table 2.4 Categorical breakdown analysis for thresholds of low, medium and high

Percent of links in Kappa
Range Category Accuracy category Coefficient
Scenario 1 0-199 L 76% 52% 0.55
200-799 M 74% 35%
800+ H 65% 13%
Scenario 2 0-299 L 90% 75% 0.63
300-699 M 54% 10%
700+ H 75% 14%
Scenario 3'  0-199 L 76% 52% 0.59
200-999 M 77% 39%
1000+ H 85% 9%
Scenario 4 0-149 L 46% 28% 0.44
150-599 M 75% 57%
600+ H 88% 14%
Scenario 5 0-399 L 98% 78% 0.71
400-599 M 20% 8%
600+ H 88% 14%

! Scenario 3 had the highest predictive accuracy of all low, medium, and high categories
and as such was used for mapping overall ridership volumes
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3.0 MULTIUSE TRAIL INTERSECTION SAFETY ANALYSIS: A

CROWDSOURCED DATA PERSPECTIVE

3.1 Abstract

Many cyclists and potential cyclists prefer to ride on facilities separated from
motor vehicles. Multiuse trails separate cyclists from motor vehicles but are shared by
other non-motorized users. Multiuse trails have been shown to have a higher risk of
severe injury compared to cyclist-only facilities. However, the lack of data on less severe
injuries or collisions not involving motor vehicles, which may be more common on
multiuse trails, hampers research in this area. New methods for collecting incident data
have emerged through crowdsourcing websites on cycling safety. We used a
crowdsourced cycling incident dataset from BikeMaps.org for the Capital Regional
District (CRD), BC, Canada. Our goal was to characterize the attributes of reported
incidents at intersections between multiuse trails and roads and to examine infrastructure
features at these intersections that are predictors of incident frequency. We extracted both
collision and near miss incidents that occurred at intersections between 2005 and 2015
from BikeMaps.org. We conducted site observations at 32 intersections where a major
multiuse trail intersected with roads. In our analysis, we first compared the attributes of
reported incidents (collisions and near misses) at multiuse trail-road intersections to
attributes of incidents at road-road intersections. Second, we used Poisson regression to
model the relationship between the number of incidents (collisions and near misses) and
the infrastructure characteristics at a multiuse trail-road intersections. Over the study
period, 77 collisions and 192 near misses were reported at intersections in the CRD, with

14 of the collisions and 23 near misses occurring at unsignalized multiuse trail-road
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intersections. Our results showed that at multiuse trail-road intersections a higher
proportion of reports were collisions (38%, or 14/37 total reports), compared to reports at
road-road intersections (27%, or 63/232 total reports). There was also a higher proportion
of incidents that resulted in an injury at multiuse trail-road intersections than at road-road
intersections (35% versus 21%). Cycling volumes, vehicle volumes, and a lack of vehicle
speed reduction factors (e.g. raised crossings, speed bumps, and curb bulges) were all
associated with incident frequency. Our findings indicate that by including crowdsourced
cycling incident data, we can supplement traditional crash records and provide valuable
evidence on the factors influencing safety at intersections between multiuse trails and
roads, and more generally when cycling safety includes conflicts with diverse

transportation modes.

Keywords: Cycling, Multiuse trail, Crowdsource, Safety, Near miss, Collision
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3.2 Introduction

Encouraging cycling is a goal for many communities due to its various health and
environmental benefits (Handy et al., 2014). Evidence indicates separating cyclists and
vehicles leads to increased ridership (Buehler and Dill, 2015). Substantial evidence
indicates that cyclists prefer to cycle on off-street pathways away from motor vehicles
(Heinen et al., 2010; Winters & Teschke, 2010). Separated bike only facilities have also
been shown to reduce cycling injury risk compared to locations where no cycling

infrastructure exists (Teschke et al., 2012).

Multiuse trails are attractive to riders and especially to novice riders (Winters and
Teschke, 2010). However, their perceived safety may be overestimated (Winters et al.,
2012). The diverse users on these trails include cyclists, pedestrians, rollerblades, and
skateboarders. Injury risk on multiuse trails are higher than on bicycle only paths
(Teschke et al., 2012; Harris et al., 2013), and injury rates are higher even when studies

control for distance travelled (Moritz, 1998), or cycling volumes (De Rome et al., 2014).

Intersections are common locations for cycling incidents involving motor vehicles
(Dozza and Werneke, 2014). Intersection characteristics associated with greater injury
severity include motor vehicle speeds (Harris et al., 2013), cycling volumes (Miranda-
Moreno et al., 2011), intersection type and design (Harris et al., 2013), route grade
(Harris et al., 2013), and motor vehicle turning movements (Wang and Nihan, 2004).
There has been little attention to cycling safety at intersections along multiuse trails. We
found only one study, from the Netherlands, which found that at unsignalized

intersections between bicycle-only paths and roadways, the most common cause of crash
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was a cyclist or motorist failing to yield (Schepers et al., 2011). We found no studies that
explicitly examine safety at multiuse trail-road intersections, where a mixture of road

users converge.

A major challenge for assessing and conducting cycling research is lack of
available data (Aultman-Hall & Kaltenecker, 1999; Zaki, Sayed, & Cheung, 2013).
Generally, crash records from police reports, insurance claims, and hospital emergency
records are used to assess cyclist safety, however these may only account for 30% of all
cycling incidents (Tin Tin et al., 2013; De Geus et al., 2012). Incidents with anything
other than motorized vehicles are vastly underreported, but may provide valuable
information for understanding cyclist safety and monitoring trouble spots. Data gaps
limit comprehensive safety assessments and are particularly limiting when assessing
incidents between cyclists and non-motorized vehicles, such as other cyclists or

pedestrians.

New methods for collecting data have become available through crowdsourcing
(or Volunteered Geographic Information (VGI)), which allows citizens to collect
geographic data about features in their environment (Goodchild, 2007). Crowdsourced
data have been used to understand ridership trends both spatially and temporally (Griffin
and Jiao, 2015; Jestico et al., 2016). A new tool, BikeMaps.org, is a source of
crowdsourced data that captures cyclist reported safety incidents including both collisions
and near misses. Crowdsourced data can supplement traditional crash records for a more
comprehensive assessments of cyclist safety (Nelson et al., 2015). On the BikeMaps.org
website and app, collisions and near misses can be mapped and attributed with

descriptors to track and monitor incidents (Nelson et al., 2015). Incorporating near miss
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data can allow for a proactive approach to identifying potentially dangerous areas for

cyclists (Sanders, 2015).

BikeMaps.org was launched in October of 2014 and initially promoted in the
Capital Regional District (CRD), which is a region that includes the City of Victoria in
BC, Canada. We quickly observed that a disproportionate number of incidents were
reported on multiuse trails, when compared to other areas of the same region. The
Galloping Goose Trail is the primary multiuse trail and a commuter path with high
volumes of cyclists throughout the year. Given that little research has been done to
examine the safety of intersections between multiuse trails and roads, we use
BikeMaps.org data to fill an important gap by examining the safety of multiuse trail-road

intersections in a North American context.

We aim to characterize the attributes of reported incidents made at intersections
between multiuse trails and roads and to also examine infrastructure features at these
intersections that are predictors of incident frequency. In achieving this goal we have the
following objectives. First, we investigate if incident report attributes (collision and near
misses) made at multiuse trail-road intersections differed from incident report attributes
made at road-road intersections in the CRD. Second, we aimed to understand what
infrastructure characteristics at multiuse trail-road intersections were associated with

higher incident frequency.
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3.3 Materials

3.3.1 Study Setting

The study area for this research is in the Victoria region, formally called the CRD
on Vancouver Island, BC Canada (Figure 3.1). The CRD consists of 13 separate
municipalities and has a population of approximately 375,000 residents (Capital Regional
District, 2014). As a testament to a mild climate, overall cycling ridership in the CRD is
among the highest in Canada at 3.2% (Capital Regional District, 2011). The CRD has set
targets to increase ridership to 15% in the region by 2038 (Capital Regional District,
2011). The Galloping Goose Trail forms a backbone of the cycling network in the CRD
and is a 60 km multiuse trail that is mostly paved in urban areas and heavily used by
commuters and recreational cyclists throughout the year. Figure 3.2 shows two examples

of intersections along the Galloping Goose Trail.

3.3.2 Crowdsourced cycling incident data from BikeMaps.org

BikeMaps.org is a website and mobile app where cyclists can map the location of
a cycling crash or near miss (Nelson et al., 2015). For each incident, cyclists report time
of day, weather conditions, sight lines, turning movements, injury severity (Nelson et al.,
2015) (Table 3.1). A breakdown of age and gender is shown in Table 3.2. A near miss
incident is self-defined by the cyclist involved, with guidance on the website suggesting a
near miss when a cyclist had a close call or was almost involved in a collision. Near
misses can have a significant impact on safety perceptions (Sanders, 2015) and can
provide insight into potentially high risk areas. For more details on the BikeMaps.org tool

refer to Nelson et al., 2015.
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3.3.3 Multiuse trail-road intersection data collection

Volume data are critical to account for exposure, and accurately assessing risk
(Nelson et al., 2015; Reynolds et al., 2009). To quantify volumes, we conducted manual
counts for cyclists and motor vehicles at 32 intersections where the Galloping Goose
Trail intersected a road. We selected intersections within 15 km of Victoria as a
reasonable estimate of how far cyclists would be willing to commute along the Galloping
Goose Trail. As the Galloping Goose Trail extends further from downtown, the trail
surface turns to gravel and becomes more of a recreational trail rather than commuter
cycling trail. Trained observers completed counts for one hour during afternoon peak
periods (4:15-5:15pm) with a standardized form to capture volumes for motor vehicles
and cyclists. Counts provided a sample of commuting ridership during fall months in
October-November 2015.

The observers also gathered data on select infrastructure characteristics at each

intersection (Table 3.3), based on previous research evaluating cyclist safety.

3.4 Methods

3.4.1 Comparing incident report attributes at multiuse trail-road intersections to

road-road intersections.

We investigated if incident report attributes made at multiuse trail-road
intersections differed from incident report attributes made at road-road intersections in
the CRD. We created two intersection groups, the first group consisted of incidents that
occurred at intersections between the Galloping Goose Trail and roadway, and the second

group consisted of incidents made at road-road intersections. Multiuse trail-road
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intersections tend to have different characteristics in terms of geometry and design
compared to conventional road-road intersections. For example, motor vehicles are
restricted from turning onto a multiuse trail and can only proceed straight through the

intersection.

We extracted BikeMaps.org collision and near miss incident reports that occurred
at intersections in the CRD between 2005 and 2015; however, 89% of incidents were
reported in the last two years (2013-2015). We selected incidents that were within 15
metres of an intersection, assuming that these actually occurred at the intersection. We
compared the attributes from incident reports (as shown in Table 3.1) in each group. To
determine if there were significant differences between the attributes in each group, we

conducted a Chi-Squared test (McGrew, J. Chapman; Monroe, 2000).

3.4.2 Assessing intersection characteristics associated with incident reporting at

multiuse trail-road intersections

We also aimed to understand what characteristics at multiuse trail-road
intersections were associated with higher incident frequency. Collision prediction studies
commonly use Poisson and negative binomial regression for modeling cycling crashes
(Reynolds et al., 2009; Schepers et al., 2011). We combined reported collisions and near
miss incidents to get a total count of incidents at each intersection. We then used Poisson
regression to model the number of incidents at each intersection against infrastructure
characteristics measured during the site inspection (Table 3.3). We used backward step-

wise regression, removing independent variables that were not associated with incidents
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at a significance of p<0.05 (Crawley, 2005). To assess model error we calculate the mean

average error (MAE) (Willmott and Matsuura, 2005).

3.5 Results

3.5.1 Comparing incident report attributes at multiuse trail-road intersections to

road-road intersection results

There were 37 incidents reported to BikeMaps.org at multiuse trail-road
intersections and 232 incidents at road-road intersections in the CRD. Incidents reported
at multiuse trail-road intersections and at road-road intersections did not differ
significantly in terms of trip purpose, time of year, cyclist age, weather conditions, and
daylight, but there was for topography (p=0.03). In both types of intersections, 92% of
incidents involved a motor vehicle. A higher proportion of incidents (38%) resulted in a
collision at multiuse trail-road intersections compared to road-road intersections (27%).
Incidents that resulted in an injury (no treatment, visited family doctor, or hospitalized)
were more commonly reported at multiuse trail-road intersections compared to road-road
intersections (35% versus 21%). More than two-thirds of cyclists were travelling straight
through the intersection at the time of the crash for both groups. A summary of incident

report attributes in each group is shown in Table 3.4.

3.5.2 Assessing intersection characteristics associated with incident reporting at

multiuse trail-road intersection results

There were a total of 37 incidents reported at the 32 multiuse trail-road
intersections studied (Table 3.5). The model identified three variables that influence

incident reporting: cycling volumes, vehicle volumes, and speed reduction factors (Table
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3.6). Model accuracy using Mean Average Error (MAE) was 41.3%. Positive or negative
regression coefficients indicate the relationship between the variable and incident
frequency. Cycling volumes and vehicle volumes both had positive coefficients,
suggesting where there are higher volumes there are more incidents. The strength of the
effect for cycling volumes was greater. For the categorical variable ‘vehicle speed
reduction factors’, we compared intersections where vehicle speed reduction factors were
present such as raised crossings, speed bumps, and curb bulges to intersections where
these were absent. For categorical variables, we can compare the regression coefficient in
one category to a baseline category (Zuur, A.F. et al., 2007). The exponential of the
regression coefficient is interpreted as the relative risk (Schepers et al., 2011), and where
it is less than one, there is a decreased risk of an incident occurring compared to the
baseline category. The effect of vehicle speed reduction factors at an intersection
decreased the chance of an incident being reported than when no vehicle speed reduction

factors were present.

3.6 Discussion

This study utilizes crowdsourced data on cycling incidents to evaluate safety at
unsignalized multiuse trail-road intersections. Crowdsourced cycling incident reports,
such as those available from BikeMaps.org, are a new data source for cycling safety
research. Our results found that safety for cyclists in these locations are influenced by

specific intersection characteristics.

In comparing incident report attributes at multiuse trail-road intersections to road-

road intersections, we found interesting distinctions. Notably, a higher proportion of
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incident reports at multiuse trail-road intersections were collisions (versus near misses),
and reports at multiuse trail-road intersections had a higher proportion of incidents that
resulted in an injury (35% versus 21%). Previous research has shown that injury severity
on multiuse trails is higher than on other cycling facilities (Teschke et al., 2012), and our
results (though non-significant) suggest this might also be true for multiuse trail-road
intersections. We observed another difference between intersection types and the effect of
turning movements. At multiuse trail-road intersections, only 3% of incidents involved
turning movements and 70% of incidents indicated the cyclist was travelling straight
through the intersection. At road-road intersections, turning movements have been
identified to be a common cause of crashes (Dill, Monsere, & McNeil, 2012; Wang &
Nihan, 2004); however, in our study at multiuse trail-road intersections, turning
movements did not appear to cause incidents. At unsignalized priority intersections,
cyclists or motor vehicles failing to yield are common causes of a crash (Schepers et al.,
2011). Given that intersection priority between trail users and road users fluctuates at
intersections along the Galloping Goose Trail, failure to yield by either a cyclist or motor

vehicle could be potential causes of these incidents.

Three factors were associated with increased risk of a cycling incident at multiuse
trail-road intersections: vehicle volumes, cycling volumes, and vehicle speed reduction
factors. The effect of vehicle volumes showed that increased vehicle volumes increased
incident reporting, which is consistent with previous research on cyclist-vehicle crash
analysis (Turner et al., 2011). For cycling volumes, we also found that increased cycling
volumes were associated with a higher number of reports. Our model estimate of 1.99 for

cycling volumes indicated a positive association, however, was higher than in previous



studies. Model estimates between 0.3 and 0.9 for cycling volumes are commonly found
in previous crash research, which reflects the inverse relationship between cycling
volumes and safety due to the ‘safety in numbers’ effect (Elvik, 2009; Schepers et al.,
2011). However, previous cycling crash studies that have found a ‘safety in numbers’
effect were most commonly conducted at road intersections in European cities and
focused on crashes with motor vehicles (Elvik, 2009). Our study was in a North
American city at multiuse trail-road intersections where a variety of users converge. We
did not see the same safety in number phenomenon; however, not all incidents reported
here involve motor vehicles. Other incidents involving cyclists, pedestrians, and other
trail users are also reported, which could explain why our model estimate for cycling

volumes was higher. Differences could also reflect the sample size used in this study,
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which was limited to a single regional trail. We found that locations with infrastructure to

lower vehicles speeds (‘speed reduction factors’) such as raised crossings, speed bumps,
and curb bulges were associated with decreased incident reporting. Our results were

similar to other studies where reducing motor vehicle speeds at intersections reduces

potential collisions and the severity of injury for cyclists (Boufous et al., 2012; Kim et al.,

2007).

Lack of data is a common issue for cycling research, which explains the growing
research field assessing how crowdsourced data can be used monitor safety and ridership
(Griffin and Jiao, 2015; Jestico et al., 2016; Nelson et al., 2015). In our study- like in
many settings — location-specific collision statistics such as police reports, insurance
claims, or hospital records were not readily available. The Galloping Goose Trail crosses

through nine municipalities, which made obtaining police report information from
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collisions difficult. There were 10 insurance claim reports at the multiuse trail-road
intersections in our study area; however, the details of these reports were limited and did
not allow for an examination of potential safety factors. BikeMaps.org provides a forum
for reporting incidents that do not have a traditional mechanism to do so and as such,
allows for a variety of cycling environments to be studied. Reports also help provide
more complete incident information including important demographics of cyclists. As
well, incorporating near miss information will provide more information for assessing
safety (Sanders, 2015), and in locations with limited data on crashes, such as more rural

settings.

Our research provides a methodological approach to using crowdsourced cycling
incident data to examine the safety of multiuse trail-road intersections, but there are
limitations to consider. The nature of collecting data from citizens through crowdsourcing
can create uncertainty about the quality of the data (Foody et al., 2013; Jackson et al.,
2013). When possible, we suggest incorporating crowdsourced data with official reports
to get the most comprehensive perspective on riding and safety patterns (Jestico et al.,
2016). The focus of this research was on multiuse trail-road intersections in a North
American setting where there are high volumes of cyclists throughout the year; however,
in other locations multiuse trails may have much lower use and different design
approaches. We welcome repetition of this work in other settings, especially with the

expansion of BikeMaps.org and other crowdsourced technologies.
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3.7 Conclusions

Crowdsourced cycling incident data can provide valuable information when
traditional cycling crash records are limited. Multiuse trails are popular locations for
novice cyclists, however at intersections, potential conflicts with other road users present
safety concerns. Our study used crowdsourced cycling incident data to identify variables
found to affect safety at multiuse trail-road intersections in a midsized North American
city. Integrating the growing dataset from crowdsourcing applications allows for repeated
surveys to be conducted through time to capture more information as incidents occur. The
information content can provide insight to help prioritize safety improvements at these
intersections. Novel contributions to cycling incident research from crowdsourcing
applications allows for a broader understanding of cyclist safety that can be monitored

through time.
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Table 3.1 Select BikeMaps.org incident attributes that citizens are asked to detail when

they map a cycling incident.
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*When was the incident

What direction were you heading?

*What type of incident was it?

How were you moving?

*Were you injured?

What is your year and month of birth?

What sort of object did you collide or

nearly collide with?

Please select your gender

What was the purpose of your trip?

Do you bike at least once a week?

What were the road conditions?

Were you wearing a helmet?

How were the sight lines?

Were you intoxicated?

Were there cars parked on the roadside?

What was the terrain like?

Were you using bike lights?

Where were you riding your bike?

*Mandatory field
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Table 3.2 Age and gender breakdown of incident reports at multiuse trail-road and road-

road intersections

Multiuse trail-road (n=37)

Road-road (n=232)

Age Male Female Male Female
0-30 1 (3%) 1 3%) 23 (10%) 15 (6%)
31-40 4 (11%) 3 (8%) 29 (13%) 11 (5%)
41 -50 3 (8%) 2 (5%) 19 (8%) 7 (3%)
51-60 3 (8%) 2 (5%) 16 (7%) 4 (2%)
60+ 0 (0%) 0 (0%) 1 (0%) 4 (2%)
Age not specified 1(3%) 0 (0%) 6 (3%) 3(1%)
Gender and age not 17 (46%) 94 (40%)

specified
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Table 3.3 Data collected at each multiuse trail-road intersection

Description Type Procedure Relevance
Cyclist, motor ~ Counts Manual intersection counts Exposure data important
vehicle done in October- variable for determining
November, 2015 between  crash frequency (Nelson
4:15-5:15pm. et al., 2015) .
Sight Continuous At the intersection, Sufficient sight distance
Distances for measured how far users necessary to for motorists
cyclists and can see down the trail or to determine if safe to
vehicles road. proceed through an
intersection (Harwood et
al., 2000).
Road width Continuous  Using a distance wheel, Wide roadways influence
and trail width measured the width of cyclist safety (Allen-
road from curb to curb and Munley and Daniel,
paved section of the trail. ~ 20006).
Sign Inventory Present/ All signs at intersection Route signage in the area
(Pictures) Absent and in advance on all for cyclists and vehicles.
intersection legs
Intersection Bike Vehicles required to stop ~ Failure to yield common
Control Vehicle or cyclists required to stop  cause of crashes
or yield (Schepers et al., 2011).
Vehicle Speed Yes Presence of vehicle speed  Vehicle speeds influence
reduction No reduction measures on injury severity
measures including raised crossings, (Cinnamon et al., 2011)
speed bumps, or curb
bulges,
Road Grade Continuous  Measured using a Road grade can cause
and Trail rangefinder from the more severe injuries for
Grade intersection down each leg  cyclists (Reynolds et al.,

and measured in degrees

2009).
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Table 3.4 Incident report attributes at multiuse trail-road and road-road intersections in
the CRD.

Multiuse trail-road Road-road p-value
intersections intersections
Number of Percent Number of Percent
Incidents (%) Incidents (%)
Incidents 37 232
Near Miss 23 62% 169 73% 0.18
Collision 14 38% 63 27%
Injury
None 24 65% 184 79% 0.13
Injury no treatment 3 8% 14 6%
Injury treatment required 10 27% 34 15%
(visited family doctor, or
hospitalized)
Incident involving
Vehicle 34 92% 213 92% 0.38
Cyclist 2 5% 5 2%
Other 1 3% 14 6%
Movement
Heading Straight 26 70% 164 71% 0.06
Turning right/left 1 3% 32 14%
Unknown 10 27% 36 15%
Terrain
Flat 24 65% 139 60% *%0.03
Downbill 0 0% 19 8%
Uphill 1 3% 31 13%
Unknown 12 32% 43 19%

*Statistically significant using Chi-Squared test.
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Table 3.5 Summary data for the number of incidents reported at multiuse trail-road
intersections

Number of Number of Intersections with # incidents
intersections incidents
(20052015)  *Of 012 345 6738
incidents

32 37 # of 223 1 2 1 0 1 0 2
intersections
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Table 3.6 Poisson GLM regression results for infrastructure characteristics that influence
incident reporting at multiuse trail-road intersections.

Variable Number of Regression Exponential of P-value
intersections  coefficient the regression
coefficient
Intercept 32 -13.01 <0.01
Volumes
Cyclist volume 32 1.99 <0.01
Vehicle volume 32 0.62 <0.01
Speed reduction factors
No (reference) 21 0 (reference) 1 (reference)

Yes 11 -1.25 0.27 0.01




Legend

O Intersections

Galloping Goose

Figure 3.1 Study area in the Capital Regional District (CRD), BC, Canada
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Galloping Goose/Kelvin Road intersection  Galloping Goose/Camden Avenue

Figure 3.2 Sample intersections along the Galloping Goose Trail intersections
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4.0 CONCLUSIONS

4.1 Discussion and conclusions

In order to encourage new ridership, it is critical to have sufficient data to
understand the factors that influence safety and knowledge of where cycling carries more
risk. Safety is a primary concern for potential cyclists and remains a barrier to increase
ridership (Poulos et al., 2012). Citizens are generally interested in cycling, but voice
concerns over safety (Dill and McNeil, 2012), and potential crashes with motor vehicles
(Parkin et al., 2007). In order to properly assess safety and risk it is critical to have
reliable ridership data to account for exposure, or the number of cyclists that are “at risk’
in a particular area (Nelson et al., 2015; Reynolds et al., 2009). Existing methods for
monitoring ridership are often limited in scale and difficult to collect over time (Gosse
and Clarens, 2014; Nordback et al., 2013). Monitoring safety continues to be a challenge
as cycling incidents are underreported (Tin Tin et al., 2013) and limits our ability to
adequately assess the factors that influence safety. Minor and less severe events are often
not reported through traditional data sources such as police reports, insurance claims, or
hospital records but are important for understanding safety and risk. Additionally, near
miss information is not being reported but can have a profound effect on the perception
of safety and provide valuable information about potential problem areas for cyclists
(Sanders, 2015). Communities recognize the safety concerns around cycling and are
investing in cycling infrastructure in an effort to encourage new ridership. However, in
order to properly plan, monitor, and prioritize cycling initiatives, the need for reliable
data to assess ridership and monitor safety is paramount (Nelson et al., 2015).

Understanding how ridership changes as a result of new cycling infrastructure can
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provide compelling support to the benefits of constructing cycling facilities. Existing
methodologies to monitor ridership and safety can be improved to capture more
information using new data sources from crowdsourcing applications to support cycling

research and communities seeking to increase ridership.

In Chapter 2, we demonstrated a methodology to overcome existing challenges
for collecting ridership volumes by incorporating crowdsourced fitness app data to
predict cycling ridership. Using manual intersection counts, we compared the number of
crowdsourced cyclists counted during AM and PM peak periods and our results indicated
there was a linear relationship between the number of crowdsourced cyclists and overall
cycling volumes. Using Poisson regression, we were able to model the number of
manually counted cyclists at intersections against various covariates including
crowdsourced cycling volumes. We created continuous prediction maps of categorical
ridership volumes across Victoria using crowdsourced data and other GIS covariates that
influence cycling volumes. There are many concerns about the use of crowdsourced data
for planning and concerns range from the lack of representativeness of sampling (i.e.,
oversampling of a few demographics) to incompleteness of data. However, our work
indicates that when crowdsourced data on ridership are available to build statistical
models it may be possible to utilize the best components of each type of data, leveraging
the resolution of crowdsourced data against the completeness of traditional counts. Our
results integrating crowdsourced fitness app data with traditional counts found that in
mid-size North American cities, cyclists that use crowdsourced fitness apps may choose
similar routes as commuter cyclists. As well, GIS offers continuous map data on

covariates that influenced ridership such as: on street parking (Stinson and Bhat, 2003),
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traffic speeds (Hood et al., 2011; Landis et al., 1997), and slope (Broach et al., 2012).
These data enable prediction of cycling volumes at unsampled locations. By creating
prediction maps of low, medium, and high ridership, we can estimate ridership volumes
across time and space in locations where no data are presently available and address

pressing limitations to current data streams.

In Chapter 3, we highlighted the potential to use crowdsourced cycling incident
data to assess safety at intersections between multiuse trails and roadways. Our study
found that a higher proportion of collisions and injuries were reported at multiuse trail-
road intersections compared to road-road intersections, suggesting that injury risk could
be higher. Like in many settings, there were limited cycling incident data from traditional
sources such as police reports, insurance claims, or hospital records. By using
crowdsourced data, we were able to assess safety in locations that were otherwise not
being tracked. By examining infrastructure at multiuse trail and roadway intersections,
we were able to assess factors that are associated with incidents including cycling
volumes, vehicle volumes, and vehicle speed reduction factors. We overcome a major
challenge assessing safety at multiuse trail-road intersections by supplementing limited
traditional data sources with new information from crowdsourced data. Citizens were
able to directly provide details of a cycling incident that provided valuable information
on safety at these intersections. Crowdsourced cycling incident data provide a novel
contribution to cycling safety research that allows for a broader understanding of safety at

multiuse trail-road intersections that can be monitored through time.
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4.2 Research contributions

Our analysis and methodology contributes to a growing research field using
crowdsourced data. Showcasing the value of crowdsourced data by providing direct
examples of potential applications are powerful ways to convey the legitimacy of using
these types of data. The popularity of smartphone apps continues to increase where
citizens can provide a wealth of information for a variety of different applications
(Kanhere, 2013). Despite the amount of information contained in crowdsourced data,
there is a common hesitancy to using data generated from ‘the crowd’ for concerns about
the overall accuracy of data provided (Barbier et al., 2012; Foody et al., 2013). Concerns
over the accuracy of crowdsourced data are difficult to overcome unless compared to
reference data sets where available (Jackson et al., 2013). However, it can be argued that
local citizens that provide data through crowdsourcing may in fact provide higher quality
information (Kamel Boulos et al., 2011). Local residents have an immediate connection
and knowledge of their own community (Kamel Boulos et al., 2011) and those genuinely
interested and supportive of a crowdsourced data project may provide high quality
information. Our research showcases how to use the high spatial and temporal detail from

crowdsourced data to supplement traditional data sources.

A key contribution of this thesis is providing examples of how crowdsourced
cycling information can be used to predict ridership, and assess safety. Lack of data is a
common issue for cycling research and our methodology allows crowdsourced data to
help overcome these limitations. We provide a methodology to capture ridership volumes
throughout the year using crowdsourced data and GIS covariates that communities can

use to monitor ridership across space and time. Using information from crowdsourcing
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tools can also be used to help plan new cycling infrastructure and provide a forum for
citizens to be a part of the planning process (Le Dantec et al., 2015; Seltzer and
Mahmoudi, 2013). In addition to ridership, we were also able to evaluate safety at
multiuse trail and road intersections when no other cycling safety information was
available. Using crowdsourced data we provide key safety information for communities
when constructing multiuse trails that intersect with roadways and a methodology for

monitoring ridership through time.

While not the focus of the manuscripts outlined in this thesis, our work
contributes to future research with lessons learned from launching BikeMaps.org.
Crowdsourcing at its basic level relies on citizens to contribute and volunteer data. In
order for crowdsourcing applications to achieve success, it is imperative to reach a large
enough audience in order to engage with citizens to provide data. During the initial
launch of BikeMaps.org, we reached out to a number of local cycling organizations and
explained the project goal and objectives and, through word of mouth, drew more visitors
to the website. In addition to these grassroots organizations supporting BikeMaps.org, a
critical component to the initial success was being active on social media using Twitter
and Facebook. Engaging with citizens and stakeholders through social media is a
powerful way to reach a large audience (Lovejoy et al., 2012) and by being active and
answering questions about the project, our website views and incident reporting steadily
grew. We also engaged with the community at a number of local community events in the
CRD including water bottle and seat cover promotional giveaway campaigns. Water
bottles and seat covers with the BikeMaps.org logo were placed on parked bicycles in

Victoria and Vancouver to create awareness about the project and draw visitors. As more
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visitors viewed the website, more incident reports were added and by the end of our first
year active, we had reporting in 20 countries across the world. The outreach component
of this thesis not only supported the data collected for Chapter 3, but also for future
graduate students who will work on different aspects of cycling research from data

collected on BikeMaps.org.

4.3 Research opportunities

Our methodology provides a novel approach to incorporate crowdsourced data in
cycling research, but further analysis would be beneficial. Our analysis contributes to a
key research gap understanding how crowdsourced cycling volumes compare with
overall cycling populations (Griffin and Jiao, 2015). However, repeated analysis using
more count stations or comparing urban and rural settings would provide a more
comprehensive understanding of how representative these datasets are in different
locations (Jestico et al., 2016). It would be beneficial to understand how city scale and
population size impact crowdsourcing and if there are limitations to appropriate use in
cities of different sizes. Repeated analysis would also be beneficial to determine how
robust crowdsourcing is over time or how data provided through crowdsourcing changes
as the length of a project continues. There is little research that examines the frequency of
data provided and overall sustainability through crowdsourcing over time or if there is a
‘tapering off” effect where citizens may initially provide lots of information but become

less interested over time.

Broadening research using crowdsourced data could compare results at a city

level. Given the high spatial detail of crowdsourced data, there are opportunities to
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conduct research at a larger scale, such as in multiple cities in a geographic region, or
cities in different countries. For example, future research could compare multiuse trail
and roadway intersections in multiple cities to identify if our results are similar in
different cities or regions. Expanding research to all intersections (rather than multi-use
trail intersections) and integrating crowdsourced incident data with traditional incident
data would provide a more comprehensive representation of cycling incidents that can be

used to monitor safety.

A major benefit of crowdsourced data is the ability to conduct before and after
analysis for new cycling infrastructure with limited expenditures and resources.
Comparing ridership and safety before new infrastructure is created can provide baseline
information to compare with after construction. Changes in ridership and safety can help
communities support ongoing cycling initiatives. In Victoria, a network of cycle tracks
will be constructed in the next three years (City of Victoria, 2016) and our analysis using
crowdsourced fitness app data helps provide baseline ridership data. Conducting a similar
analysis after construction can help monitor ridership changes along these corridors that
can support future projects and overall goals of increasing ridership in the CRD (CRD,

2011).

In the future, as crowdsourcing technology continues to grow (Jackson et al.,
2013), there are potential opportunities to integrate ridership and safety simultaneously.
Capturing ridership data along with safety information would provide an opportunity to
create safe routes that could be conditioned on safety. Citizens could provide a start and
end location and the application could provide the safest route that reduces cycling in

areas with high risk. In short, crowdsourcing applications can fill an important gap in



ridership and safety information that provide a critical component to improving safety in

an overall attempt to encourage new ridership.
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