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Transportation agencies are striving to increase the comfort of their 
bicycle networks in an effort to improve the experience of existing cyclists 
and to attract new cyclists. To increase bicycle mode share is challenging 
and has motivated research to understand where and what types of bicy-
cle improvements yield the maximum net benefit in terms of increased 
ridership, comfort, and safety. Data sets related to cyclists’ comfort levels 
as a function of bicycle infrastructure are nonexistent at the state or 
local level. To fill this data gap, the Oregon Department of Transporta-
tion sponsored the development of ORcycle, a smartphone application 
designed to collect cyclist travel, comfort, and safety information. The 
research reported in this paper utilized ORcycle data to model cyclists’ 
comfort levels as a function of bicycle facility types, sources of stress 
along the trip, and trip characteristics (e.g., purpose, length, frequency,  
and day of the week). Ordinal logistic regression models were esti-
mated, and the results indicated that facility types such as bicycle bou-
levards and separated paths did have a significant positive impact on 
cyclists’ comfort levels. Other variables (e.g., sources of stress along the 
trip, trip purpose, and trip distance) also were found to have significant 
impacts on comfort levels. A sensitivity analysis and a policy discussion 
highlight how important it is to reduce sources of stress along bicycle 
routes to increase bicycle ridership and attract new cyclists.

Bicycle transportation has become a central priority of urban areas 
invested in the improvement of sustainability, livability, and public 
health outcomes. Metropolitan areas around the United States have 
set aggressive bicycle mode–share objectives for their long-term 
transportation plans (1). The objective to increase bicycle mode share 
faces many challenges, such as constrained transportation infrastruc-
ture budgets, limited roadway space in dense and congested urban 
areas, the legacy of many decades of automobile-oriented develop-
ment and street design, and the difficulty involved in the success-
ful conversion of short automobile trips to bicycle trips through the 
attraction of new cyclists. These constraints and challenges have 
motivated research to understand where and what types of bicycle 

improvements yield the maximum net benefit in terms of ridership 
and safety. The literature consistently reports that comfort levels and 
perceptions of safety are key factors in increasing bicycle mode shares 
among current or potential riders, especially among those who are not 
highly competent or confident cyclists.

Although transportation agencies increasingly collect more bicycle 
data, information remains scant on the adequacy of existing bicycle 
facilities. To fill this data gap, the Oregon Department of Trans-
portation (DOT) decided in 2013 to finance a research project 
(SPR 768) to develop a system to collect bicycle and network use 
and locate areas with low connectivity or poor user experience (2). 
This research project resulted in ORcycle, a smartphone application 
launched in November 2014 to collect data to understand cyclists’ 
bicycle infrastructure preferences and safety issues. More informa-
tion about the project and its goals, as well as about ORcycle and its  
features, is available at the Portland State University website (3).

The research reported in this paper utilized data crowdsourced with 
ORcycle to model cyclists’ comfort levels as a function of bicycle 
facility types, sources of stress along the trip, and trip characteristics 
such as purpose, length, frequency, and day of the week. The mod-
els and results were novel, because this research effort was the first 
to use detailed revealed preference GPS-based route data to model 
cyclists’ stated comfort levels. As detailed in the literature review sec-
tion of this paper, other research efforts have collected detailed data 
about bicyclists, but the data collection efforts, analyses, or both, 
did not focus on the relationships between cyclists’ comfort levels 
and bicycle infrastructure. The following sections describe the data 
collection and analysis tools, sample description, modeling results, 
and conclusions.

Literature Review

For nearly three decades, transportation engineers and planners have 
been attempting to estimate bicyclists’ safety, comfort, stress levels, 
or level of service. Some metrics, such as the bicycle level of service 
of the Highway Capacity Manual 2010 (4), are complex, because  
they aim to describe the performance (e.g., comfort, safety, opera-
tion) of bicycle facilities and reflect travelers’ perceptions with the 
utilization of data directly measured in the field (5). A limitation of 
the Highway Capacity Manual 2010 bicycle level of service is the 
lack of consideration for cyclists’ differential preferences or trip  
characteristics [e.g., a parent that commutes to work can have a dif-
ferent comfort level if he or she travels (part of ) the route with a son 
or daughter on the way to primary school].
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The term “stress” is commonly understood as the opposite of 
“comfort”; a definition of “comfortable” in the Merriam-Webster 
Dictionary is “free from stress or tension.” An estimation of bicycle 
level of stress was first attempted in 1994 as a function of safety lev-
els, physical or mental effort, and age (6). More recently, the term 
“level of traffic stress” (LTS) has been used to refer to an evalua-
tion method that takes into account not only traffic and geometric 
characteristics of the riding environment but also the suitability of 
the environment for different user groups within the population (7). 
The LTS term can be used to delineate islands of low-stress network 
connectivity, which highlight disconnections and especially stressful 
links within a bicycle network. Neither bicycle level of service nor 
LTS actually have their basis in empirical measurements of the stress 
of cyclists along a route. To measure physiological stress levels for 
real-world, on-road cyclists is possible, but quite complex, as recent 
research results indicate (8).

Other researchers have conducted stated preference studies to 
determine which factors most affect bicyclist comfort and travel 
preferences. A 2005 random phone survey (N = 503) in Portland, 
Oregon, was used to explore the relationship between cycling rates, 
demographics, the built environment, perceptions about the built 
environment, and attitudes (9). Key findings indicated that percep-
tions about the availability of comfortable bicycle infrastructure 
were a stronger determinant of cycling than objectively measur-
able characteristics about the availability of comfortable bicycle 
infrastructure. A 2006 survey of more than 1,400 current and poten-
tial cyclists in Vancouver, British Columbia, Canada, evaluated 
motivators and deterrents to cycling. Key factors that affected the 
stated likelihood of cycling were safety, ease of cycling, weather 
conditions, route conditions, and interactions with motor vehicles 
(10). In 2008, researchers in Austin, Texas, administered a state-
wide, web-based survey that elicited stated preference information 
on bicycle route choice (11). Model results indicated that bicy-
clists preferred routes with minimal on-street parking, continu-
ous bicycle facilities, lower traffic volumes and speeds, and fewer 
intersections.

Another line of research used portable GPS units to record and later 
analyze cyclists’ routes. A 2006 study in Minneapolis, Minnesota, ana-
lyzed the GPS data of 55 bicycle commuters over the course of 3 weeks 
(12). The study compared the preferred route of each cyclist with the 
calculated shortest route on the basis of trip distance and bicycle 
facility type (i.e., off-street path, on-street bike lane, road with no 
designated bicycle facility). Participants also reported demographic 
characteristics and their “cycling comfort” on a scale of 1 through 5: 
1 indicated that the cyclist was comfortable only to ride on off-
street paths, while 5 indicated that the cyclist was comfortable to 
ride on urban streets with heavy traffic. A linear regression model 
was tested to model the difference in length between the chosen 
route and the shortest route as a function of several predictors. The 
only independent variable found to be statistically significant was a 
cyclist’s reported comfort level. Other variables (e.g., bicycle facility 
type, historical route safety, traffic control type, number of intersec-
tions along route, cycling comfort level, gender, age) were not sig-
nificant. The authors posited that this finding indicated that cyclists 
with lower comfort levels were more willing to travel out of their 
way to use a preferred route rather than the shortest one. In 2007, 
researchers examined the cycling behavior of 164 participants in 
the Portland, area with the use of GPS tracking methods (13). The 
purpose of each trip was reported by the cyclists, and only utilitarian 
(i.e., nonexercise) trips were kept in the data set used for analysis. 
The results indicated that cyclists were willing to travel significantly 

out of their way (estimated 17.9% of trip distance) to use bicycle 
boulevards, while they were willing to travel even farther out of their 
way (estimated 72.3% trip distance) to avoid a path with a 2% to 
4% upslope. Overall, the results indicated several significant char-
acteristics associated with route choice within the sample, namely, 
distance, turn frequency, slope, intersection control type, traffic vol-
umes, and bicycle facility type. A 2009 study in Zurich, Switzerland, 
compared chosen routes with the alternative shortest-path routes 
over a number of characteristics and exposed differences in the 
grade of the route chosen (i.e., routes chosen were less steep) and 
the proportion of the route chosen along dedicated bicycle facilities 
(i.e., routes chosen included a higher portion of dedicated bicycle 
facilities) (14). Model results also indicated that topography had a 
statistically significant negative impact on cyclists’ utility: cyclists 
were choosing routes with gentler topography even if they were lon-
ger. Route length also was found to have a statistically significant 
impact on cyclist utility, although this finding was typical for nearly 
all route choice models (14). In 2010, GPS data were collected for 
100 cyclists in Waterloo, Ontario, Canada, in combination with stated 
preference survey data (15). Five route characteristics were used as 
predictive variables in the route choice model: (a) the length of each 
link in the network, (b) the posted auto speed of each link, (c) the 
auto volume of each link, (d) the gradient (elevation change) of 
each link, and (e) the presence or absence of a cycling lane (16). 
The stated preference survey showed that convenience was the top 
motivation for cycling, while safety was the primary consideration 
used in route selection.

Other studies have utilized smartphone applications, but data col-
lection and analyses have not focused on cyclist comfort levels. 
Instead, the research has focused on smartphone data applications 
to bicycle route choice models (17), shortest path analysis and net-
work deficiencies (18), user characteristics and online participation 
(19), and injury risk modeling (20).

To the best of the knowledge of the authors of this present study, no 
research has focused on cyclists’ levels of comfort with the utilization 
of empirical GPS-based route data and bicycle network facility data. 
This present study was a first step to fill this research gap.

Data Collection and Processing

In 2014, researchers at the Transportation, Technology, and People 
(TTP) Laboratory at Portland State University began to work in con-
junction with the Oregon DOT to develop a smartphone application 
to collect bicycle data. The goal of this research effort was to crowd-
source information from cyclists to understand empirically where 
they ride, why they ride, and what improvements could make their 
cycling experience safer and more comfortable.

In November 2014, the ORcycle application was launched, which 
is available for Android and iOS platforms. E-mail messages and 
flyers were used to promote ORcycle within Oregon by transporta-
tion agencies (i.e., the Oregon DOT, some cities, some counties). 
The sample analyzed here is a convenience sample of opt-in users; 
no targeted recruiting or incentives were used to ensure user par-
ticipation. GPS trajectories were collected for each trip with a fre-
quency of approximately 60 Hz (one coordinate per second). The 
raw GPS trajectory of each trip was matched to the Portland met-
ropolitan area bicycle and street network with the use of Python 
scripts developed for a previous bicycle GPS study conducted by 
Broach et al. in the Portland region (13). These scripts are based on 
algorithms developed by Schuessler and Axhausen (21, 22). The 
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data used in this present study were collected between November 
2014 and May 2015, and this subset contained only Portland metro-
politan area trips. Trips shorter than 0.25 mi were not included in the 
final data set. The final data set used for modeling here contained 
729 trips from 170 unique users.

The survey questions utilized in the comfort model are detailed in 
the next four paragraphs. In line with the implementation of previous 
applications, trip purpose was selected after a trip was completed. 
The available trip purpose categories are outlined (one option only 
must be chosen):

•	 Commute,
•	 School,
•	 Work-related,
•	 Exercise,
•	 Social or entertainment,
•	 Shopping or errands,
•	 Transport access, or
•	 Other.

The following questions, which related to route comfort, trip fre-
quency, route choice factors, and route stressors, were not included 
in other applications. The route comfort question asked is as follows: 
“In terms of comfort, this route is. . . .” The available responses are 
provided here (one option only must be chosen):

•	 Very bad (unacceptable for most riders),
•	 Bad (for confident riders only),
•	 Average,
•	 Good (for most riders), and
•	 Very good (even for families and children).

The route comfort question was designed to match the level of 
traffic stress scale and description (7) and the classification used in 
the Oregon DOT Analysis Procedures Manual (23). User familiar-
ity with a route may have had an effect on route comfort. A route 
frequency question asked is as follows: “How often do you ride this 
route?” The available answers to this question are given here (one 
option only must be chosen):

•	 Several times per week,
•	 Several times per month,
•	 Several times per year,
•	 Once per year or less, or
•	 First time ever.

An innovation in ORcycle is the question that asks about sources of 
stress along a user’s bicycle route. This question is as follows: “Along 
this route, are you concerned about conflicts/crashes with . . . ?”  
Users can select more than one option with the exception of “not 
concerned,” which cannot be selected simultaneously with any of the 
other options:

•	 Not concerned,
•	 Auto traffic,
•	 Large commercial vehicles (trucks),
•	 Public transport (buses, light rail, streetcar),
•	 Parked vehicles (being doored),
•	 Other cyclists,
•	 Pedestrians, and
•	 Other.

In the latest version of ORcycle, these questions are now manda-
tory. However, some responses were missing to questions that were 
not mandatory in the first version of the applications. These missing 
responses were imputed with the use of the R package missForest  
(a multiple imputation algorithm) (24). The trips included in the 
model were weighted, because some users repeated similar trips 
multiple times. Trips taken by the same user, for the same reported 
trip purpose (mandatory question on trip completion), in the same 
direction, with the utilization of 90% or more of the same network 
links (i.e., streets, bikeways), were considered similar and were 
weighted on the basis of the following weighting formula:

=model weight of particular trip
1

number of similar trips + 1

For example, if two similar trips were found, each trip counted 
only for half of a trip (model weight = 0.5) within the model. After 
the application of this similarity weighting, the total number of trips 
included in the model was reduced to 593.9 weighted trips. Of these 
weighted trips, 133.9 (23%) had the route comfort question imputed 
from other available survey responses.

As with respect to all travel surveys, there were biases in the 
data, which resulted from the user sample and the data collec-
tion method. The data set was collected between the beginning of 
November 2014 and the end of May 2015. Although the winter of 
2014 to 2015 was relatively mild in Oregon, winter cyclists typi-
cally have preferences different from their fair-weather counterparts 
(25, 26). In addition, potential biases resulted from the method of 
data collection, namely, that it was necessary to have access to an 
iOS or Android smartphone to download the application and partici-
pate in the data collection. In a companion study, user sample bias 
was analyzed and quantified by comparing the smartphone sample 
with a sample of bicycle commuters in a traditional travel survey 
(27). Results indicated that the ORcycle sample used here was rep-
resentative of the ethnicity and income distributions of Portland 
area cyclists, but participants were younger (on average) and more 
likely to be male than were the Portland area cycling population. 
The sample data were likely to be representative of the year-round 
cycling population in Portland, as opposed to the more casual or 
fair-weather riders.

Data Description

The trip purpose distribution across the trip sample is illustrated in 
Table 1. More than 60% of the trips were indicated to have been 
commuting trips with the next highest categories as follows: shop-
ping or errands (16%), social or entertainment (8%), and exercise 
(5%). Trip purpose did have an impact on trip length (Table 1). The 
lengths of exercise trips were significantly longer than lengths for 
other trip purposes. Trips to access transit or other vehicles were 
significantly shorter than for other trip purposes. The mean length 
of all trips in the data set was 5.15 mi.

The route frequency distribution indicated that nearly half of all 
trips (47%) were biked several times per week. The correlation was 
high between trips biked several times a week and trips whose pur-
pose was to commute. Other trips were biked several times a month 
(22%) and several times a year (18%).

The route stressors’ distribution across the trip sample is illus-
trated in Figure 1. Users could select more than one response to this 
question. The average number of responses per trip was 1.8. For 
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approximately 38% of the trips, there was no answer (this question 
was optional and some users declined to provide this information), 
but on most trips (57%) users indicated that they were concerned 
about conflicts with automobile traffic. Other high categories of 
concern included large commercial vehicles (27%) and parked vehi-
cles (32%). Cyclists indicated that they were not concerned about 
any stressors for roughly 8% of the trips (Figure 1).

The analyzed roadway categories follow:

•	 Primary arterials. Multilane roads that carry high traffic volumes 
at high speeds,
•	 Minor arterials. Two-lane or multilane roads that carry moderate 

traffic volumes at moderate speeds,
•	 Residential streets. Two- or one-way streets primarily used for 

residential access, and
•	 Other. Streets that do not fit into the other three categories.

Bicycle facilities follow:

•	 Bicycle lanes. Dedicated road space for cyclists delineated only 
by striping, with no lateral separation between bicyclists and motor 
vehicle traffic.

•	 Buffered bicycle lanes. Similar to bicycle lanes, with extra buf-
fer space allocated on the roadway through the use of striping to 
increase the lateral separation between bicyclists and motor vehicle 
traffic.
•	 Bicycle boulevards. Low-traffic streets designated for bicycle 

travel. They feature bicycle route signage and pavement markings, 
traffic-calming features (e.g., traffic circles, speed humps), and 
motor vehicle traffic diversion at major intersections.
•	 Cycletracks. Lateral separation is enforced through some physi-

cal buffer (e.g., planters, plastic posts, parked cars, raised concrete 
barriers) or other treatments.
•	 Separated paths. Facilities on which motor vehicle traffic is 

prohibited, but bicycle traffic is allowed or encouraged.
•	 No bicycle facility. No bicycle facility exists on the particular 

link that matches any of the bicycle facilities described here. In such 
case, bicyclists share the traffic lane with motor vehicle traffic, and 
no special consideration is given to bicyclists.

The summary of the bicycle facility and the roadway type of the 
links used on each trip is shown in Figure 2. This figure is relevant 
in the next section in which comfort models are discussed. Most 
of the trip miles in the model were concentrated on residential 

TABLE 1    Trip Purpose and Trip Length Distribution

Proportion 
of Sample 
(%)

Distance (mi)

Trip Purpose Minimum 25th Percentile Median Mean 75th Percentile Maximum

Commute 61.2 0.6 4.3 4.7 5.6 6.5 22.1

Shopping or errands 15.6 0.3 1.4 3.1 3.5 4.8 19.4

Social or entertainment 7.9 0.6 1.9 3.1 3.6 4.3 19.3

Exercise 4.5 2.0 4.8 9.7 10.3 13.1 29.2

Work-related 4.2 0.7 2.4 4.0 4.3 6.1 9.0

Other 3.1 0.3 2.4 3.5 3.8 4.7 11.5

School 3.0 1.2 3.0 3.8 4.2 4.9 11.4

Transportation access 0.4 0.4 1.1 1.8 1.4 1.9 2.1

Response Frequency (%) Across Trips
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FIGURE 1    Trip stressors distribution (route stressor number of trips 5 729).
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streets with and without bicycle facilities, bicycle boulevards, and 
separated paths.

Data Analysis

A goal of this research was to test the feasibility of the use of 
ORcycle data to study cyclists’ comfort levels. The utilization of 
revealed preference GPS route data to study cyclists’ comfort levels 
had never been attempted. As a preliminary exploratory analysis, route 
comfort was compared with each independent variable available sepa-
rately, with the use of an ordinal logistic regression model. Ordinal 
logistic regression has been used in several level-of-service models 
(28–30). Ordinal logistic regression models (also known as cumula-
tive logistic regression models) are suitable for this research, because 
they are used to model categorical dependent variables of an ordered 
nature. The ordinal logistic regression model results presented here 
were calculated with the use of the R package ordinal (31).

The results of the exploratory analysis were promising and intui-
tive (Table 2). In terms of route stressors, an answer of not concerned 
increased comfort levels, while the other stressors decreased com-

fort levels. Trip miles along bicycle facilities such as separated paths 
increased comfort levels, whereas trip miles along links with no bike 
facilities or arterials tended to decrease comfort levels. Trip purpose 
(with commute used as a reference) indicated that shopping trips 
tended to be associated with higher comfort levels. Caution must 
be used to interpret these results, however. Some variables showed 
significant correlation with each other. For example, commute trip 
purpose was highly correlated with frequency levels of several times 
a week, weekday trips, and higher than average trip speeds.

Pooled models were then tested to establish the optimal set of pre-
dictors of route comfort. Pooled models were selected by grouping 
variables with statistically similar coefficients, dropping variables 
that were not significant, and utilizing a backwards stepwise selection 
procedure on the basis of the Akaike information criterion.

The final models are shown in Table 3. Bicycle facilities were 
included in the comfort models as a proportion of total trip length, or as 
the number of miles in the trip on that type of facility. If a trip consisted 
of 2 mi on arterials streets and 3 mi on separated path facilities, the 
separated path variable was input as 0.6 = 3/5 for the proportion model 
and input as 3 for the distance model. Most variables were significant 
at the p < .01 level, with the remainder significant at the p < .05 level. 

TABLE 2    Single Variable Exploratory Models

Model Independent Variable
Influence on 
Route Comfort

Trip statistics Average trip speed of cyclist Decrease
Trip distance Decrease

Temporal characteristics Weekday trip Decrease

Trip survey responses Route frequency Increase
Route stressors: not concerned Increase
Route stressors: large commercial vehicles or trucks Decrease
Route stressors: public transport Decrease
Route stressors: parked vehicles + being doored Decrease
Route stressors: pedestrians Decrease
Trip purpose: exercise Increase
Trip purpose: shopping or errands Increase

Bicycle facility and street type No bike facility, primary arterial Decrease
No bike facility, other Decrease
Bike lane, primary arterial Decrease
Bike lane, minor arterial Decrease
Separated path Increase

Distance (mi)
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FIGURE 2    Bicycle facility type distribution.
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Threshold values were reported in the model results calculated in R 
and presented in Table 3. Arterial distances with and without bike 
lanes were pooled in the final models, because the effects of each 
variable were similar and likely pointed to the minimal comfort 
benefits of bicycle lanes on arterial roadways.

The variables associated with trip purpose and route stressors 
were similar in both models. The estimated coefficients associated 
with these variables were stable and barely changed when the bike 
facilities and distance variables were grouped or removed. This 
result indicated the robustness of the predictive power of route 
stressor and trip purpose variables within the sample. When users 
reported that they were not concerned about conflicts or crashes 
along the route, comfort levels increased significantly. When users 
indicated they were concerned about automobile traffic, comfort 
levels decreased significantly. The decrease was even larger if 
users were concerned about large commercial vehicles (trucks). 
If users were concerned about other cyclists, the overall comfort 
level increased. The interpretation was that other cyclists were a 
nuisance only on facilities with a high number of cyclists. This 
type of facility in Portland tends to be a separated path or a bicycle 
boulevard, both of which are associated with higher comfort levels. 
Another interpretation was the safety in numbers effect in which a 
route with a high number of cyclists was perceived to be safer than 
a similar route on the same type of facilities but with less bicycle 
traffic (32).

With respect to trip purpose, exercise had a high positive com-
fort influence. Several interpretations were possible: exercise trips 
were taken by more confident riders, and exercise trips tended to 
take place during weekends or off-peak traffic periods when traffic 
volumes were lower. For some exercise trips, a high proportion 
used more comfortable bicycle facilities (e.g., the Springwater 
corridor with nearly 40 mi of separated path bicycle facilities). 
The trip purpose to shop or run errands also had a positive coef-
ficient, which may have been the result of the increased likeli-

hood of cycling in residential areas, at off-peak times, or both. 
Commuter trips (not significant in the final models) tended to be 
repeated frequently and correlated to travel during weekdays and 
peak traffic periods.

For bicycle facilities, both models clearly showed that separated 
bicycle facilities had a major positive impact on cyclists’ comfort  
levels. However, arterials had a significant negative impact on 
cyclists’ comfort levels. Bicycle boulevards had a significant non- 
linear impact on the distance-based model. The highest positive 
impact took place when the distance on bicycle boulevards was 
equal to 1.32 mi, and the positive impact disappeared when the dis-
tance exceeded 2.63 mi. As points of reference, the 75th and 90th per-
centiles for distances on bicycle boulevards are 1.02 mi and 2.16 mi, 
respectively. Hence, the impact of bicycle boulevards on comfort 
levels was predominantly positive. Other bicycle facility types were 
not significant. This result was likely not because the remaining 
bicycle facilities did not have a significant positive or negative impact 
but because of the limitation of the sample size. With a larger sample 
size, it may be possible to separate the effects of bicycle lanes, 
residential streets, and different types of arterials.

The distance variable is present in the proportional model only; 
distance has a negative impact between 0 and 27.7 mi. As a point of 
reference, the longest trip in the data set was 29.2 mi and, as shown 
in Table 1, trips longer than 8 mi were predominantly exercise trips. 
The negative impact of distance can be interpreted in different ways: 
as a higher disutility associated with longer travel distances (i.e., as 
in route choice models), or as the higher likelihood of encountering 
poor bicycle facilities or conditions as the trip becomes longer.

Table 4 outlines the relative importance of each variable in the 
final models through utilization of a procedure in which each vari-
able was removed ceteris paribus to obtain the difference in log 
likelihood between the full model and the model with one variable 
removed. This difference in log likelihood indicated which variables 
had the most predictive power in the final model.

TABLE 3    Pooled Regression Model Specification

Variable or Characteristic

Results by Model

Proportional Distance-Based

Separated path 2.897*** (0.560) 0.304*** (0.066)
Bicycle boulevard NA 0.558** (0.256)
Bicycle boulevard (squared) NA −0.212** (0.089)
Arterial (with and without bike lanes) −1.496*** (0.388) −0.205*** (0.042)
Total trip distance −0.194*** (0.062) na

Total trip distance (squared) 0.007** (0.003) na
Trip purpose: exercise 1.530*** (0.432) 1.470*** (0.415)
Trip purpose: shopping or errands 0.890*** (0.233) 0.890*** (0.229)
Not concerned about stressors on route 1.030** (0.442) 1.081** (0.446)
Stressed by auto traffic on route −1.347*** (0.217) −1.436*** (0.215)
Stressed by large commercial vehicles −1.681*** (0.222) −1.711*** (0.219)
Stressed by other cyclists on route 0.617*** (0.219) 0.638*** (0.220)

Observations 594 594
Log likelihood −594. 932 −600.458

Threshold values
    Very bad | bad −6.088 (0.405) −5.605 (0.352)
    Bad | average −3.752 (0.306) −3.282 (0.242)
    Average | good −1.653 (0.267) −1.177 (0.199)
    Good | very good 2.132 (0.290) 2.555 (0.242)

Note: NA = not available because variable was not significant at .05 p level; na = not applicable. 
Standard errors of coefficients are shown in parentheses.
 **p < .05; ***p < .01.
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Large commercial vehicles were the strongest factor in the  
ORcycle data to affect users’ comfort negatively. They also consti-
tuted the most important variable in each model (Table 4). Over-
all, the stressor variables (commercial vehicles, automobile traffic) 
ranked highest in terms of predictive power in both the proportion 
and the distance models. Trip purpose variables (exercise and shop-
ping) also had relatively high explanatory power. Of the facility 
variables, only arterial and separated path ranked in the top five in 
terms of explanatory power. The former was associated with low 
levels of comfort and the latter with high levels of comfort.

Discussion and Policy Implications

Overall, the results tended to agree with previous research studies. In 
terms of comfort, a trade-off was observed between shorter trips that 
utilized arterials and longer trips on more specialized facilities such 
as separated paths. Novel contributions included the quantification 
of the impacts on comfort levels of trip purpose and sources of stress  
along a route. These impacts are analyzed in more detail in this section.

Sensitivity Analysis

The impact of the variables that represent sources of stress can be 
understood better if they are applied to a typical route. Assume, for 
example, that a typical commuter route for ORcycle users consists 
of 1.5 mi on bicycle boulevards, 1.5 mi on separated facilities, and 
3 mi on arterials. The mileages assumed are close to the typical 
(median) travel distances on bicycle boulevards, separated facili-
ties, and arterials, as well as to the median total trip distance for 
commuters. For the sake of simplicity, an integer value (6 mi) is 
utilized for total trip distance. This scenario is the baseline. Of the 
cyclists, 70% would rate this trip as good or very good, according to 
the proportional model, and 80% would rate this trip as good or very 
good, according to the distance model (Table 5, baseline probability 
rows). Assume four scenarios:

1.	 No sources of concern along the route,
2.	 Automobile traffic is the unique source of concern,
3.	 Commercial vehicle traffic is the unique source of concern, and
4.	 Vehicle and commercial traffic are sources of concern.

TABLE 4    Pooled Regression Model Variable Rank

Distance Model Proportion Model

Variable Rank Variable

Log Likelihood 
Difference Removed 
Ceteris Paribus Variable

Log Likelihood 
Difference Removed 
Ceteris Paribus

1 Stressed by large commercial vehicles 175.82 Stressed by large commercial vehicles 167.58

2 Arterial (with and without bike lane) 150.26 Separated path 145.94

3 Stressed by auto traffic on route 148.71 Stressed by auto traffic on route 142.69

4 Separated path 146.82 Trip purpose: shopping or errands 138.60

5 Trip purpose: shopping or errands 143.97 Trip purpose: exercise 136.77

6 Stressed by other cyclists on route 140.15 Arterial (with and without bike lane) 136.52

7 Trip purpose: exercise 140.10 Total trip distance 135.39

8 Not concerned about stressors on route 138.88 Total trip distance (squared) 135.39

9 Bicycle boulevard 133.77 Stressed by other cyclists on route 133.87

10 Bicycle boulevard (squared) 133.77 Not concerned about stressors on route 133.39

TABLE 5    Impact of Route Stressors on Comfort Levels

Probability

Result by Rating

Very Bad Bad Average Good Very Good

Distance Model

Baseline probabilities (%) 0 3 17 71 9

Change in probabilities
  Add: no concerns 0 −2 −10 −1 13
  Add: traffic concerns 1 8 23 −25 −6
  Add: commercial vehicle 1 10 27 −31 −7
  Add: traffic + commercial vehicle 6 32 27 −57 −8

Proportional Model

Baseline probabilities (%) 0 4 25 65 5

Change in probabilities
  Add: no concerns 0 −3 −13 9 8
  Add: traffic concerns 1 10 21 −29 −4
  Add: commercial vehicle 2 15 23 −36 −4
  Add: traffic + commercial vehicle 9 38 14 −55 −5
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How do these four scenarios affect changes in comfort levels? 
Displays change across comfort level categories. For example, in 
the first scenario, the likelihood that users will rate the trip as good 
or very good will increase 12% for the distance model and 17% 
for the proportional model. The comfort of the facility decreases 
rapidly as traffic, commercial vehicles, and automobile traffic and 
commercial vehicles are added to the baseline scenario. Accord-
ing to ORcycle users, the fourth scenario was reserved for mostly 
confident riders (35% and 42% probability in the distance model 
and proportional model, respectively) and in some cases was 
unacceptable by most riders (6% and 9% probability in the distance 
model and proportional model, respectively). The ORcycle data set 
was captured during the winter and early spring, and most users 
described themselves as regular commuters, who cycled all year 
round. It is possible to predict that Scenarios 2 through 4 would 
have had an even more dramatic impact on people who were not 
regular cyclists.

In the baseline scenario, the very good category received rela-
tively meager probabilities of 9% and 5% (in the distance model and 
proportion model, respectively). What would it take to increase these 
numbers significantly according to the model results? It would take 
a combination of three criteria: (a) no sources of stress, (b) travel 
mostly on separated facilities or bicycle boulevards, and (c) rela-
tively short and direct routes (i.e., no significant increase in travel 
distance). Unfortunately, many origin–destination pairs do not 
satisfy these criteria. It is possible to speculate that it will be dif-
ficult to increase bicycle mode share significantly (e.g., to reach 
Portland’s goal of a 25% bicycle mode share for short trips by 2030) 
if those criteria are not met (33).

This type of analysis can be replicated to consider how trips with 
different compositions of bicycle facilities are likely to be rated by 
users. Once planners see how these variables affect the distribu-
tion of comfort levels among users, planners can begin to estimate 
roughly how the combination of different design variables will 
affect cyclists’ comfort categories (Table 5).

Limitations

It is advisable to be mindful of the limitations of this research. The 
effort was an exploratory one, and the data set (e.g., users, infra-
structure) was specific to the Portland metropolitan area. Year-round 
commuter cyclists are represented primarily in the sample data. It 
is not clear how the model results will transfer to other regions and 
urban areas. Some variables that may have a significant impact on 
comfort levels are not included in the model: for example, cyclists’ 
history of crashes or confidence levels. Statistical significance does 
not necessarily indicate causality. Hence, the results presented here 
must be interpreted with due caution.

Conclusions

This research presents novel findings about cyclists’ comfort levels. 
Cyclist comfort is a complex construct affected by many groups 
of variables, including bicycle facilities, trip characteristics (e.g., 
distance), trip purpose, and sources of stress along the route. This 
research was a first step toward quantifying the key variables that 
affect cyclists’ comfort levels. The results broadly agreed with other 
studies in the literature that pertain to bicyclists’ preferences, but the 
models presented here are specific to comfort levels. Hence, vari-

able estimates and insights related to route concerns, trip purpose, 
and bicycle facilities are novel.

The results of the ordinal logistic regression models indicated 
the comfort benefits of separated paths and bicycle boulevards for 
cyclists. The results highlighted the prominence of route stressors: 
comfort levels dropped if automobile or commercial vehicle traffic, 
or both, were identified as stressors. Commercial vehicle traffic was 
the variable that had the highest predictive power in the models. 
The results also showed that longer trips and bicycle miles traveled 
on arterial roadways tended to decrease user comfort. Trips made 
for the purposes of exercise and to shop and run errands were, on 
average, more comfortable than trips made for other purposes. The 
model results seemed to suggest that, to increase comfort levels 
dramatically, three criteria should be met: (a) no sources of concern 
along the route, especially no commercial vehicle traffic; (b) travel 
mostly on separated facilities or bicycle boulevards; and (c) rela-
tively short and direct routes (i.e., no significant increase in travel 
distance).
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