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ARTICLE INFO ABSTRACT
Keywords: Emerging micromobility services provide not only new transportation options, but also valuable
Bicycling sources of data for researchers and planners seeking to understand traveler behavior and pref-
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Bicycle routing, detour

erences and to improve transportation networks. Dockless systems for shared bicycles and electric
scooters have recently begun operating in many American cities, providing data not only on trip
start and end, but also on the route followed. In this study, we analyze data from more than
110,000 dockless bikeshare trips in Boston’s suburbs. About 15% of trip ends were within 100 m
of a transit station, indicating that bikeshare serves many more functions than access to transit.
More than 40% ended in a town or village center, suggesting that bikeshare may support the local
economy. From examining GPS traces, it was clear that — contrary to the assumptions of common
bike routing algorithms — bike riders often use sidewalks, other footways and soft-surfaced paths,
parking lots, and driveways, and 36% ride the wrong way on one-way streets. An examination of
the streets with high contraflow volumes indicates two common profiles. One is streets whose
travel channel is so narrow that either the bike or vehicle has to pull into a parking lane to let the
other pass; those streets typically have low traffic speeds and very low traffic volumes. The other
is streets whose travel channel is wide enough for a bike and car to pass without either yielding to
the other; they typically have greater vehicular speed and volume, but still only one lane. After
classifying streets by level of traffic stress, we find that only 7 percent of trips use exclusively low-
stress links, and that about 40 percent of bike-miles are ridden on low-stress links. These low
percentages are consistent with an underdeveloped bike network that forces riders to use through
streets for all except ultra-local trips; it may also reflect a prevalence of sidewalk riding on major
arterials.

1. Introduction

Recent years have witnessed a proliferation of new forms of mobility in U.S. cities and around the world. Carsharing, ride-hailing,
bikeshare, scooters, and other services provide not only new options for travelers, but also new sources of data that can help
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municipalities and state agencies make better transportation investments and policy choices. Previously, location data collected from
sources such as smart phones (Barbosa et al., 2018; Sadeghinasr et al., 2019; Akhavan et al., 2019a; 2019b), call detail records
(Gonzalez et al., 2008), social media (Wang et al., 2018), and GPS receivers installed on vehicles (Hosseinzadeh et al., 2021a,b;
Mahdinia et al., 2021; Mohammadnazar et al., 2021a, 2021b) have been used to study human mobility in urban settings.

Data from dockless bikeshare systems provides a valuable and complex source of information for transportation planning. Unlike
earlier-generation bike share systems that rely on docks, dockless bikeshare requires GPS functionality so that the location of available
vehicles can be provided to would-be renters (Gehrke et al., 2021a,b; Lazarus et al., 2020). That functionality, in addition to the
flexibility of dockless operation, can make dockless bike systems a unique and valuable source of data. Modern dock-based bikeshare
systems such as those in Washington, DC, New York, and Boston offer time-stamped origin-destination data by trip, affording valuable
insights on origin—destination patterns, temporal utilization, and interaction between bikesharing and transit (O’Brien et al., 2014;
Vogel et al., 2011; Gehrke & Welch, 2019). Still, with dock-based bikeshare, origin and destination information are limited to dock
locations, whereas with dockless bikeshare, detailed spatial information on users’ ultimate destination can be captured.

Even more importantly, with little incremental cost, a dockless bikeshare system can be configured to write GPS records at regular
intervals while bikes are en route. The Lime dockless bikeshare system operated in Boston’s suburbs in 2018 and 2019, the subject of
this study, has just such a configuration, and therefore yields data on the routes cyclists followed as well as bike speed on different
route segments.

The sample size of cyclist routes that data from a dockless system can provide is far greater than what has been available for earlier
research on cyclist routes. Compared to the 110,000 rides used in this study, Pritchard et al. (2019) used data from113 participants to
study one contraflow bike lane; Park and Akar (2019) studied detour levels using 1531 trips from volunteers; Ton et al. (2017) looked
into cyclists’ route-choice behavior and preferences using 3045 trips; and Crist et al. (2019) assessed route preferences and the level of
low stress cycling connection between origins and destinations using 1038 trips.

The route-level data that dockless bikeshare makes possible offers unique insights into cyclists’ mobility patterns and route choice
behavior. In particular, these data shine light on three aspects of cyclists’ route choices.

One is the extent to which cyclists prefer segments with low traffic stress and avoid segments with high traffic stress. Furth et al.
(2016) developed a method for classifying streets by the levels of traffic stress they impose on cyclists, and postulate that only a small
fraction of people will tolerate high-stress segments. Their classification system or one like it is used by communities across the country
for bike network planning, including identifying links that are important for bicycle connectivity but are high stress (Moran et al.,
2018; Semler et al., 2017; Gehrke et al., 2020). With route traces, one can observe the extent to which riders follow a longer route from
origin to destination in order to avoid high-stress road segments. Several researchers with access to bicycle route data have studied the
degree to which cyclists choose routes with low traffic stress, sometimes with mixed results (Broach et al., 2012; Wang et al., 2016;
Crist et al., 2018). The Lime dockless bikeshare data affords another such opportunity, with a large sample size and a population that is
not dominated by experienced cyclists.

A second is the extent to which cyclists use links that are not typically included in the network cyclists are assumed to use in
common routing apps, including informal paths, sidewalks, parking lots, and private driveways.

A third is the extent to which cyclists ride contraflow, that is, the wrong way on one-way streets. Contraflow riding tends to be
under-studied because it is nearly invisible — often dispersed over many segments and occurring mostly on local streets, where counts
are rarely made; dockless bikeshare data offers a unique view of what happens on those streets. Putta and Furth (in press) estimated
demand for contraflow riding on streets in the four central municipalities of the Boston metro area by looking at shortest low-stress
paths from every home to every job, assuming that contraflow is allowed on local one-way streets. They found contraflow is crit-
ical to low-stress bike network connectivity, increasing the fraction of jobs that people can reach from home using only low stress
streets and paths from 1.2% to 8.7%. They also found that a substantial part of this connectivity benefit derives from a small number of
links that provide attractive route connections for more than just local travelers.

Because those results are based on a theoretical shortest-path analysis, they still leave unanswered important questions. Are people
actually willing to ride contraflow on one-way streets? And, by looking at the streets that attract a lot of contraflow riding, can we
determine what type of street makes people feel that it’s safe to ride contraflow? The route traces provided by the dockless bikeshare
data provide a unique and valuable resource for answering these questions.

While trip and fleet statistics for dockless systems are generally available through vendor dashboards or periodic reporting, we are
aware of no other publications using trip-level route data on this scale to study cyclist travel patterns. While some rider or link-level
data have been made available on occasion by providers of fitness apps and devices (e.g, Strava, Fitbit), the population using those
products are more likely to be regular, confident cyclists, and unrepresentative of the “interested but concerned” cyclist type described
by Geller (2016). In contrast, the majority of Boston-area Lime Bike users are not dedicated, regular cyclists; according to a Lime-
administered rider survey (First Miles: Examining 18 Months of Dockless Bikeshare in Metro Boston), 53% of Lime Bike users last
rode their personal bike, if they even have one, more than one month prior to being surveyed. These results suggest that many of the
behaviors and preferences of bikeshare users may be reasonably representative of new or casual bike riders — the kind of people that
policy-makers aim to attract to bicycling — making results applicable for bicycle transportation planning and policy in general.

1.1. Background: dock-based and dockless bikeshare in the Boston region
In the Boston region, dock-based bikeshare, originally named Hubway and later changed to Bluebikes, launched in July 2011 in the

City of Boston and subsequently expanded to serve Cambridge, Somerville, and Brookline; in late 2019, Everett also joined the Blue
Bikes system. The regional expansion of the system was facilitated by the Metropolitan Area Planning Council (MAPC), the regional
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planning agency which conducted the procurement process and contracting between the vendor (formerly Alta, now Motivate) and the
participating municipalities, public agencies, and sponsors.

Following a pilot program in the town of Malden that began in September 2017, dockless bikes were formally introduced to the
region in April 2018. Lime, a transportation-rental company based in the United States, was selected as the vendor through a
competitive procurement issued by 15 cities and towns and again facilitated by MAPC (a second vendor, Spin, was also selected but
withdrew before actually deploying any bikes) (Harmon, 2018). Due to conditions established by the contract with Motivate, all of the
Bluebikes municipalities were prohibited from participating in the regional dockless bikeshare contract, and Lime is prohibited from
operating its system in those municipalities. (The lone exception was Everett, which for a short period in 2019 was in both the Lime and
Bluebikes system.) Lime vehicles may be ridden into the Bluebike service area but may not be rented once locked and must instead be
collected by Lime. Lime charged $1 per 30 min for riding the manual bikes, $1 to unlock and $0.15 per minute to ride their pedal-assist
e-bikes, or $29.99 per month for the LimePrime membership.

At the system launch in 2018, Lime’s fleet consisted of pedal-powered bikes and a very small number of electric-assist bicycles. In
September 2018, Lime began to transition the entire fleet to electric-assist, removing most of the pedal-powered bikes over the winter
of 2018-19. At the end of 2019, Lime stopped renting bicycles altogether and refocused its business on scooters. This study deals with
Lime bike trips, both pedal-powered and electric-assist.

Fig. 1 shows the municipalities in the Lime service area with their rate of trip making per capita (resident population plus total
employment) during the one-year period from October 2018 to September 2019. Malden, with 450 trip-origins per 1000 residents and
employees, ranked first followed by Everett, Arlington, and Winthrop. Average population density of the Lime region is 5396 people
per square-mile, with communities ranging from a population density of 1,024 (Bedford) to 18, 225 (Chelsea) residents per square
mile.
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Fig. 1. Lime bike trip making per capita across the service area.
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2. Methods
2.1. Data source

The regional Memorandum of Understanding governing the Lime system stipulates access for MAPC to trip level data for the
system. Data of 397,996 dockless bikeshare trips were captured over an 18-month period from April 1, 2018, through September 30,
2019. Data were accessible through the Lime API and formatted according to the Mobility Data Specification (MDS), a nationally-
recognized data standard now maintained by the Open Mobility Foundation (https://github.com/openmobilityfoundation/
mobility-data-specification). Fields common to every record belonging to a trip include provider ID, provider name, device ID, GPS
accuracy, vehicle ID, vehicle type, propulsion type, start time, end time, trip ID, trip distance, and trip duration. Trip distance is
believed to be the actual on-road distance of the trip, as determined by Lime based on GPS data (though as described below, many trips
lack distance information.)

GPS data is held in three additional fields: latitude, longitude, and a timestamp. Records were made at variable intervals, sometimes
as short as 2 s but more often in the neighborhood of 30-40 s.

2.2. Data cleaning and map matching

Data errors arose from malfunctioning GPS units, memory issues, user error (e.g., failing to lock a bike at the end of a trip) or
indecision (e.g., unlocked and quickly re-locked a bike), vehicle engagement problems, or vehicle disrepair. This required filtering out
trips with obvious data errors. Table 1 summarizes the filters applied and how many trips were disqualified in each successive filter.

Of the 397,996 bicycle trips, 25.2% were filtered out because they lacked intermediate waypoints. Another 14.2% were filtered out
because they were unreasonably short (less than 1 min or 100 m). Many of these could be failed attempts at unlocking bikes or rejection
of a non-working bike. A small fraction of trips (0.4%) was filtered out because they were longer than 5 h or 20 km, or had GPS
coordinates outside the Greater Boston area (0.3%).

Many of the trips had successive records with identical coordinates, usually followed by a distant point whose time was shortly after
the last record at the repeated point. Rather than discarding the trip because of the impossibly high speed implied by the “jump” to a
new point, records that repeated an earlier location were discarded, assuming instead that the GPS unit had been unable to update its
coordinates. After this correction, another 23.6% of trips were filtered out because their remaining GPS records implied a speed greater
than 12 m/s (27 mph, 43 km/h) between successive waypoints, a speed few people can attain on a racing bike, and virtually impossible
to attain on a bike-share bike, even on the steepest downhills of metro Boston. The distribution of speed by link has a 98th percentile of
about 6.6 m/s. A frequently used boundary for outliers is the 75th percentile plus 3 times the inner quartile, which for this distribution
is about 9 m/s. Therefore, trips with segments speed exceeding 12 m/s likely suffer from data error.

An additional 7.8% of the trips were filtered out because they had gaps between waypoints greater than 200 m (straight-line). Most
street segments (blocks) in the service area are shorter than 200 m, and for the network analysis that followed, it was important to the
agency that bikes were positively detected on or very near the street segments to which they were matched rather than imputed based
on shortest path routing.

Finally, waypoints were snapped to the OpenStreetMap (OSM) road network. In the Lime service area, OSM is well provisioned
with bicycling and walking paths as well as with driveways in large parking lots. In some communities in the Lime service area,
sidewalks are typically coded as distinct features, while in others they are not. Map-matching was done using Graphhopper (Ramm,
2017), an open source routing and navigation engine written in Java and using OpenStreetMap network data. For map-matching, it
uses the Viterbi algorithm, a dynamic programming algorithm that finds the best path through a Hidden Markov Model lattice (Newson
& Krumm, 2009), finding the most likely sequence of snapped points by maximizing the product of measurement probabilities
(likelihood that a GPS record Zt would be observed if the vehicle were actually on road segmentr) and transition probabilities
(probability of a vehicle moving between the candidate road-matches at two consecutive times Zt and Zt_ ;).

Our first attempt at map matching resulted in many highly circuitous and unlikely trips. Closer examination of the original GPS
waypoints revealed that many trips used parking lot driveways, sidewalks, and footpaths, and many traveled the wrong way on one-
way streets, all of which are forbidden by the standard cyclist profile in Graphhopper. Also, in OSM, bike paths that are not hard-
surfaced are coded as footpaths. Therefore, a new routing profile was created that allows the use of such facilities and, essentially,

Table 1

Number of trips disqualified in each successive filter.
All bike trips 397,996
1. Trips missing waypoints 100,402
2. Trips shorter than 1 min or 100 m 56,494
3. Trips longer than 5 h or 20 km 1786
4. Trips partially or entirely out the study area 1384
5. Trips with a link with a speed higher >12 m/s 93,897
6. Trips with a jump >200 m 30,984
7. Trips that couldn’t be matched to the street network 3,061
Remaining trips 110,024
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routes bikes as if they were pedestrians, but will prioritize bike facilities over other facility types. With this change, matched routes
appeared to be reasonable for almost all trips, and only 0.8% of the original set of trips had to be filtered out because of route matching
error.

Of the different filters applied, only one that excluded more than 1 percent of trips was discretionary, which is the maximum gap
length of 200 m. Because this filter removed only 7.8% of trips, and because a more relaxed filter would have retained only some of
those trips, it is unlikely that a more relaxed filter would have altered by much the results derived from the trips that were retained.

In the following analyses that depend on the routing data, only trips that passed all of the filters are included (n = 110,024).
However, figures and distributions that provide information on the number of rides are from all trips except those outside the great
Boston area, or too short or too long (n = 338,332).

2.3. Identifying contraflow travel

Contraflow riding was detected by comparing the direction of travel between successive waypoints in the GPS trace to the allowed
direction of travel on one-way road segments. In OSM, segments tagged as one-way may be simple one-way streets, but they can also be
unidirectional carriageways that are part of divided road. Network analysis was used to distinguish the two.

2.4. Classifying streets by level of traffic stress

To analyze riders’ use and preference for streets with different degrees of traffic stress, all network links were classified by level of
traffic stress (LTS) (Furth et al., 2016). There are four levels of traffic stress: LTS 1 is meant to be suitable for children and timid adults,
LTS 2 involves limited traffic interactions that most adults can tolerate and corresponds to the population stratum “interested but
concerned” in Geller’s taxonomy (Geller, 2016; Dill & McNeil, 2013), LTS 3 involves a greater amount of interaction with traffic,
though still at a level that “enthused and confident” cyclists will tolerate, and LTS 4 involves traffic interactions and danger that only
the “strong and fearless” will tolerate. LTS 1 and 2 are considered “low-stress.”

The classification criteria used roughly follow Furth’s LTS version 2.0 (Furth, 2017; Furth et al., 2018), adapted as follows to the
data available from OpenStreetMap.

e LTS 1: bike paths (as coded in OSM), streets with physically separated bike paths, and streets classified as residential.

e LTS 11 (a subset of LTS 1): Sidewalks (where coded in OSM as distinct network features), other footpaths including soft-surfaced
multiuse paths, driveways in parking lots, and other driveways outside the public right of way.

e LTS 2: streets with conventional bike lanes having no more than one lane per direction and a speed limit of no more than 30 mph.

e LTS 3: streets with conventional bike lanes that don’t meet LTS 2 qualifications, and non-residential streets with no more than one
lane per direction and speed limit no more than 30 mph.

e LTS 4: non-residential streets without bike lanes that fail to meet LTS 3 qualifications.
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Fig. 2. Monthly dockless bikeshare ridership by propulsion type.
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3. Findings
3.1. Temporal trends, trip length, and means of propulsion

The ridership trend across the first 1.5 years of the system’s life is shown in Fig. 2. Ridership by propulsion type (pedal powered and
electric-assist) largely reflects Lime’s changing provision of bicycle types. The significantly lower ridership in the second year may
reflect a reduction in the fleet size as Lime transitioned to electric-assist bikes. Municipal staff reported that there were fewer bikes
available in 2019, but unfortunately Lime was not able to provide firm statistics on the number of vehicles deployed over the study
period. Lower ridership in 2019 may also reflect the higher price charged for electric assist bikes. The very low ridership over the
winter probably also reflects supply more than demand, as pedal bikes were removed and not replaced until spring with electric-assist
bikes.

The median trip length trend is shown in Fig. 3. Median trip length in 2019, when most of the fleet was electric-assist bikes, is about
2 km or 1.25 mi, while in 2018, when most of the fleet was pedal-powered bikes, it is about 1.6 km, or 1 mi. These low trip lengths
suggest a substantial degree of trip substitution from walking and ride hailing. The difference between the two years suggests that
people consider the practical range of bikeshare to be greater with electric-assist bikes, which are both faster and demand less exertion.

Interestingly, while median trip length was greater in 2019, median trip lengths within a given year were about the same for the
two types of propulsion. Because the fleet was dominated by pedal powered bikes in 2018 and by electric-assist bikes in 2019, it may be
that in 2018 people were expecting to get a pedal-powered bike and determined their trip length accordingly, even if they got an
electric-assist bike, and vice versa in 2019. Comparing September 2018 with September 2019 (the only year-over-year comparison in
which the fleet had both pedal-powered and electric assist bikes), median trip length for the two propulsion types combined was 30%
greater in 2019.

The trip length distribution by season and day type is shown in Fig. 4. 75 percent of Lime trips were between a half mile and two
miles in length, comparable to dockless e-bikeshare users in San Francisco (Lazarus et al., 2019). Quarters 2 and 3 (warmer weather,
more daylight) had nearly the same shape distribution as quarters 4 and 1 (in Fig. 4, with similar quarters grouped to reduce clutter),
but trip lengths a little longer in quarters 2 and 3. Weekend trips are on average 0.13 miles longer than weekday trips regardless of the
time of year.

Ridership varies with time of the day (Fig. 5). On weekdays, ridership is greatest between noon and 9 p.m. with a relatively flat peak
around 5 p.m. A small a.m. peak can also be observed, but it has less ridership than any hour in the afternoon. On weekends, there is a
relatively flat peak from 1 to 6 p.m. On both weekdays and weekends, late night use is strong; not until after 1 a.m. does it drop to less
than 20% of peak ridership. Many of those late-night bikeshare trips may be substitutes for taxi and other ride-hailing trips.

We sus

1.5 —

0.9

Miles

0.6

0.3

0.0 e e e

A A B A A A% A A 9 9 9 O 9 9 9 9 O
w7y e T e e o e o e e e e e e @8 e e

I pcdal bike [ 1 E-bike I Scooter

Fig. 3. Median trip length by month and vehicle / propulsion type.



B. Sadeghinasr et al. Transportation Research Part D 100 (2021) 103044

0.10 —
Quarters 2 & 3 Weekend
0.09
0.08 |~ Quarters 2 & 3 Weekday
007 |-
i Quarters 1 & 4 Weekend
s 0.06 |
g
g 0.05 __ Quarters 1 & 4 Weekday
S 0.04
~
0.03
0.02
0.01
0.00 == 1 ]
0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0 5.5 6.0
Length (miles)

Fig. 4. Trip length distribution by quarter and weekday / weekend.

3.2. Origins, destinations, and transit connections

Around 15 percent of Lime bike rides across the region began or ended within 100 m of a rapid transit, commuter rail, or major bus
route stop, showing that bikeshare is used for much more than just “last mile” access to transit. Of trips beginning in Arlington,
Bedford, Melrose, and Needham, a substantial share of trips (9 to 14 percent) end at a transit station located in a neighboring mu-
nicipality, indicating a need for regional coordination.

City, town, and village centers accounted for 45% of trip origins and 40% of trip destinations, suggesting that bikeshare may be
supportive of local businesses.

Residential areas accounted for 24% of trip origins and 27% of trip destinations. This imbalance between neighborhoods (where
destinations exceed origins) and business districts (where origins exceed destinations) required Lime to semi-regularly “rebalance” by
removing bikes from places with excess destinations to places with excess origins. While information on rebalancing operations was
not available, it is possible from the data to determine locations with excess destinations and excess origins. An interactive map
provided in an online report shows these locations using 250 m x 250 m grid cells; one can see there that the excess origins cells tend to
be at town centers and commercial main streets, while the excess origins cells are largely in outlying residential areas (Metropolitan
Area Planning Council, 2019).

3.3. Contraflow riding

Contraflow riding — that is, riding in the wrong direction on a unidirectional link — can occur on simple one-way streets as well as on
unidirectional carriageways that are part of a divided, two-way road. One might expect to find very little contraflow riding on divided
roads, yet we found that of all Lime bikeshare trips with matched routes, 23% included at least one segment in which the cyclist rode
the wrong way on a divided road. A review of such links with more than 100 contraflow trips found that they were all multilane arterial
roads or multilane traffic circles lacking bike lanes and bike paths, but with sidewalks. Therefore, we suspect that most of this apparent
contraflow riding actually represents riding on sidewalks, suggesting a need for protected bicycling facilities on these roads.

Looking only at contraflow riding on simple one-way streets (i.e. streets that are not part of a two-way divided road; also excludes
private driveways), 36% of Lime bike users rode contraflow for at least part of their trip. It should be noted that many of the mu-
nicipalities in the Lime service area have a lot of one-way streets; in some of those municipalities, the percentage of riders with a
contraflow segment is almost 50%. Over the entire Lime service area, contraflow on simple one-way streets accounts for 6.2% of bike-
miles ridden.

One would expect that frequent contraflow use occurs where two conditions are met: cyclists consider the road safe for contraflow
riding and it offers a shorter route to reach one’s destination. Fig. 6 maps the simple one-way road segments with high contraflow
volumes in Malden, Everett, and Chelsea, the three communities with most contraflow Lime riding. Street segments with at least 100
contraflow bike trips were examined to determine what makes them attractive for contraflow from both the comfort / safety
perspective and the network / routing perspective.

The streets with high contraflow use are nearly all single-lane roads (and for the exceptions, we suspect most cyclists use the
sidewalk). They can be divided into two profiles, a narrow “single channel” profile and a broader “dual channel” profile. In the single
channel profile, there is parking on both sides and the opening between the parking lanes is too narrow for a car and bike to pass one
another at speed, and so one of the parties must pull over to let the other pass, an operating mode called “courtesy operation.” (Motor
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Fig. 5. Ridership by hour of the day.

vehicles commonly use this operating mode on narrow two-way streets called “courtesy streets” or “yield streets”, with cars pulling
over to let another car pass (NACTO, 2013)). High-contraflow-use streets with the single channel profile all have low traffic volumes
and low traffic speeds. Speeds are low partly due to road narrowness and parking friction and partly because, due to their low volumes,
they have a Stop sign at almost every intersection. Parking lane occupancy on these streets, as viewed using Google StreetView, ap-
pears to be below 50%, leaving plenty of gaps into which a bicycle or vehicle can pull to allow the other party to pass.

Streets with a dual channel profile (a car and opposite direction bike can pass one another without slowing or pulling over) and high
contraflow use are mostly 24 ft wide, with parking on only one side. After allowing 8 ft for a parking lane and 5 ft (the standard width of
a bike lane) for a contraflow cyclist, that leaves drivers an 11 ft channel - the standard width of a vehicle lane on an arterial roadway,
and thus wide enough to pass unimpeded. Moreover, in nearly all of the cases examined, parking is on the right side, meaning that
contraflow cyclists ride along the curb, with no danger of being “doored” by a parked car, increasing the sense of safety. Streets with
this profile have both greater traffic volumes (inferred from the street’s position in the road network) and speed (inferred from both the
greater channel width and lack of Stop signs where they met other local streets) than high contraflow use streets with the single
channel profile. However, the lack of needed interaction with traffic, apart from following the “keep to the right” convention, makes
the traffic stress low in spite of higher traffic volume and speed. Indeed, some of the high contraflow use streets with the dual channel
profile are classified as collector streets (“tertiary” in OSM).

What makes these high-contraflow use streets attractive for contraflow from a network perspective? We found that some of the
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Fig. 6. Street segments with at least 100 contraflow bike trips.

streets with high contraflow use are purely local streets which are not good shortcuts to anywhere except to abutting homes, and that
they tend to have equal bike volumes in both directions. This reveals that when leaving or approaching one’s home, most cyclists
choose the direction that most directly leads to their destination — as would a pedestrian — without regard for one-way restrictions.

However, most of the streets with high contraflow use have a position in the road network that makes them an attractive direct
route for non-local travel. Three patterns for such streets can be identified. Some are streets that afford a connection where the road
network is sparse due to a linear barrier such as a stream or rail corridor; for example, if a cyclist can’t use Malden’s Franklin Street, it is
a considerable detour to the next street that crosses a (former) rail corridor. Several are one-way streets that are a continuation of a
two-way street, such as Everett’s Norwood Street and Glendale Street. A third group is quiet streets parallel to a higher stress through
road, such as Malden’s Exchange Street, Boylston Street, and Upham Street. In those cases, riding contraflow allows cyclists to use a
lower stress route.
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Fig. 7. Distribution of detour factor (trip length / shortest path length).
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3.4. Route directness and detour

Previous research has shown that cyclists have a strong preference for a direct route. Researchers have found that people are willing
to ride up to about 20 percent further to use a route that is more pleasant or less stressful (Broach et al., 2012; Khatri et al., 2016).
Lime’s pricing scheme, in which riders are charged per minute, adds a further incentive to use the shortest route. Fig. 7 shows the
distribution of detour factor, defined as the ratio of trip length to the shortest path length. For this purpose, the shortest path was
determined by Graphhopper using the same algorithm (profile) and OSM network to which the GPS traces had been snapped i.e.,
allowing travel in parking lots, on footpaths, and in both directions on one-way streets.

The majority of trips are direct: 58% have a detour factor less than 1.10, and 72% have a detour factor less than 1.20. The detour
factor distribution has a long tail because it includes trips that are tours with nearly the same start and end location and trips with long
deviations that reflect recreation or exploration rather than seeking a utilitarian route to a destination. It is not likely that high detour
factor trips represent round trip errands such as shopping because locking a bike ends a trip (as Lime defines it), and because the per-
minute user fee gives riders an incentive to end the trip and then start a new one after their shopping is done.

3.5. Use of streets with different levels of traffic stress

Fig. 8 maps Lime bicycle volumes across the service area by level of traffic stress, with volume indicated by line thickness and LTS
by color. The thick, green lines that stand out represent popular bike paths. The large number of long red and purple lines, not as thick,
represent high stress roads that many cyclists are using, presumably because in many corridors, they are the only practical route to get
to one’s destination. Only a few blue lines stand out, reflecting the relatively low number of streets in the service area with LTS 2 (two-
lane streets with bike lanes).

Fig. 9 shows the distribution of trips by the proportion of the trip’s distance that is on low-stress segments, i.e., LTS 1, 2, and 11. The
fraction of trips whose length is 100% low-stress is only 7%. While this low figure could reflect the absence of an aversion for high-
stress streets, it more likely reflects a property of urban areas with an underdeveloped bike network, discovered by Furth et al. (2016),
that even though the street network may have many miles of low-stress local streets, they tend not to connect in a coherent network
because road networks are deliberately designed to prevent through traffic from using local streets. This tendency is especially strong
where, as in greater Boston, the road network is not a rectangular grid. That forces cyclists, like motorists, to use collector and arterial
roads for all but the shortest of trips. These results are consistent with a study of the core communities of the Boston metro area (Boston,
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Fig. 8. Lime bike volume across the service area by level of traffic stress.
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Fig. 9. Distribution of trips by proportion of trip length found on low-stress links.

Brookline, Cambridge, and Somerville) which found that, even with contraflow allowed on all local streets, a low-stress connection was
available for only 8.7% of home-to-job location pairs (Putta and Furth, in press).

Another reason for the high use of high-stress links may be that in the Lime service area, riding on sidewalks is common, and by
doing so one can ride on something coded as a high-stress link without actually being in high-stress traffic. Recall that for many roads
with sidewalks, the sidewalks are not coded in OSM as distinct features. In Massachusetts, sidewalk bike riding is legal except in
business districts.

Fig. 10 shows the proportion of bicycle-miles ridden by level of traffic stress. For trips with level of detour less than 1.25, suggestive
of a utilitarian trip purpose, 35 to 40 percent of bicycle-miles are on low-stress links. Where level of detour exceeds 2, suggestive of
recreational travel, around 60% of the miles ridden are low stress. The distribution of bicycle-miles by LTS varies little between periods
of the week, though we found a little more use of high-stress segments off-peak and on weekends. This may be because roads have less
traffic and are therefore less stressful during those periods compared to weekday peak hours.

Comparing the route cyclists actually took against the shortest path reveals some evidence of preference for low stress routes. This
analysis is limited to trips whose detour factor is less than 1.25, since the concept of shortest path is meaningless for a loop trip or a trip
with a deliberate deviation. Average trip length is 1768 m (1.10 mi), which can be decomposed into a shortest path distance of 1657 m
and an incremental distance of 111 m. Fig. 11 shows the distribution of this incremental distance by level of traffic stress. The in-
cremental LTS 4 distance is negative, meaning that compared to the shortest path LTS distribution, LTS 4 distance declines. And while
LTS 3 distance increases, that increase is less than the proportionate increase in LTS 1 and 2. Thus, by deviating from the shortest path,
people are avoiding some riding on very high stress roads and are increasing the proportion of their trip on low-stress roads.

4. Conclusion

Dockless bikeshare is a relatively new mode of micromobility about which little was previously known regarding travel patterns. In
addition, the GPS tracking feature of dockless bikeshare makes it possible to track routes, offering insights into cyclist behavior and
preferences that may apply to cyclists in general.

Only 15% of dockless bikeshare trips begin or end at a transit station, showing that bikeshare serves many more functions than
simply a first- or last-mile transit access function. More than 40% of trips begin or end at a town or village center, which may indicate
bikeshare’s value in connecting people to local businesses. More people end trips in residential areas than started them, while the
reverse is true in commercial centers, resulting in an imbalance that the bikeshare system operator has to correct by periodically
moving bikes.

Cyclists have a strong tendency toward using the most direct route. Cyclists often use sidewalks, other footways, and parking lot
driveways, and 36% rode the wrong way on one-way streets; in short, they tend to route themselves as would a pedestrian. Other than
people making touring trips, most cyclists deviate little, on average, from the shortest path. Where they deviate, it results in less riding
on very high stress links and more on low stress links.

Contraflow turns out to be very common. 36% of trips included a contraflow segment on a simple one-way street, accounting for 6%
of all bike-miles. One-way streets with high contraflow volumes are nearly all single-lane streets. They include low volume, low speed
residential streets with parking on both sides and a travel channel so narrow that when a contraflow cyclist meets an oncoming vehicle,
one of them must pull over to let the other pass; they also include streets with greater traffic speed and volume (though still only a
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Fig. 10. Percentage of bicycle-miles ridden by level of traffic stress, by time of the week, for low-detour and high-detour riders.

Distance (m)

Shortest path Incremental
distance distance

L1s1100 L1s1 L1s2l L1s3l L1ts4M

Fig. 11. Distribution of shortest path and incremental distance ridden by level of traffic stress.

single travel lane), but with a travel channel wide enough for a bike and car to get past one another without interaction.

The data show that most trips entail travel on high-stress roadways; only a small fraction of trips were completed using low-traffic-
stress links only. This reflects three factors. One is the underdeveloped nature of the bike network, in which low stress links do not
connect to form a coherent and direct network. A second factor is cyclists’ strong preference for direct routes; it is not sufficient to
provide low-stress connections if they involve a considerable degree of detour. A third factor is sidewalk use, through which a person
can ride on a link classified as high stress yet actually be physically separated from traffic. Sidewalk use in the Lime service area is
something known well anecdotally and can also be inferred from the data in the form of cyclists riding the wrong way on one side of a
divided road.

While these results apply directly to bikeshare users, it is reasonable to believe that they reflect the behavior and preferences of a
large population of cyclists and people considering becoming cyclists. From the public policy perspective, in keeping with government
goals to improve bike safety and to attract more people to bicycling because of its health, environmental, economic, and equity
benefits, several lessons can be drawn. One is a need to provide separated bike lanes on arterial roads, since they are often the only
practical route to get from here to there. A second is a need to provide a dense network of direct and connected low stress routes in all
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directions as opposed to, say, routes in only a select set of corridors or a sparse network that would entail substantial detours. A third is
to address the clear desire of cyclists to ride contraflow on one-way streets. Finally, a fourth is to consider promoting electric-assist
bikes as a way of increasing the range for comfortable bicycling.

5. Limitations

Our study is not without limitations. While the number of trips analyzed is large, still a lot of trips had data errors or missing
information about route followed and were therefore not used in studying contraflow riding, route directness, and the use of streets
with different stress levels.

There are several reasons for these losses of data which are known as GPS device errors. The relevant errors to this study include the
“PDOP mask” which is defined as the relationship between the error in user position and the error in satellite position limit. GPS data
collection is suspended when PDOP rises above a limit. The collected dataset could also suffer from other GPS device limitations
including receiver timing synchronization error, riding through an underpass, multipath effects due to tall buildings, and atmosphere
refraction. To ensure better data quality, municipalities should require that bikeshare vendors supply sufficient documentation and
details on software limitations.
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