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Fig. 6. (a) Scatter plot with marginal distribution of the Page Rank for the vertices with a degree larger than zero for both sets. A significant weak Person correlation
is reported in the legend. (b) Graphical representation of the Gini coefficient for the considered locations, the dotted line is the hypothetical homogeneous dis-

tribution of the trips over the locations.

similar effect in connectivity. A specific kind of hub-based structure, the
hub-and-spoke structure (O'Kelly and Miller, 1994) is the typical pat-
tern followed by the large national airlines, with most of the flights
connected to a major hub; differently, a point-to-point structure is ty-
pical of new low-cost companies (Alderighi et al., 2005). It is interesting
to note that, in the case of the airline industry, the choice for the hub-
and-spoke approach is a top-down planning decision, while for pedes-
trian mobility, the concentration around hubs is an emergent behavior
from the individual decisions of walkers. It is indeed surprising that, for
the bike-sharing mobility network, where the location of the dock
stations might induce the emergence of hubs, data analysis shows that it
is, in fact, less concentrated in hubs than the pedestrian network. A
possible explanation for this phenomenon (yet to be verified) is that
bike trips are used to reach a relatively larger variety of destinations
(for example, for commuting and other activities), while pedestrian
trips, during weekdays, are highly concentrated on business areas.
Since a bike trip allows the rider to reach a wider area, the hubs tend to
be less pronounced.

To further characterize the network and verify how similar to a hub-
and-spoke structure our networks are, we analyzed the correlation
among the strengths of the nodes (where strength is the sum of the
weights of the links of a node). Two possible kinds of correlations can
be observed: assortative and disassortative mixing. In the case of an
assortative mixing, hubs tend to be connected to other hubs and spokes
to other spokes. In the case of disassortative mixing, hubs tend to be
connected to spokes. An assortative mixing is typical of social systems
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such as coauthorship networks, whereas a disassortative mixing is ty-
pical of technological and biological systems such as the Internet or
protein interaction networks (Newman, 2002).

To derive a quantitative measure of this phenomenon, a common
approach is to estimate the average degree of the nearest neighbors of
the nodes of degree k, for each degree (Pastor-Satorras et al., 2001). If
this quantity is positively correlated with k, then an assortative mixing
is observed; on the contrary, if the correlation is negative, the system is
disassortative. In our case, since we are dealing with a directed
weighted network, such metric must be generalized by considering the
strength. Given a network with N nodes and s;, the out-strength of
node i, we can compute:

N

= Y s
si,nn_ Sasj
j=1 1 (€]

that is the weighted average of the strength of the nearest neighbors of
node i. An equivalent metric can be computed for the in-strength s™. In
the case of the absence of the above mentioned correlation, the ex-
pected s; n,  is a constant value:

N .=
57S;
Elsil = D)~
o L (2)

where L is sum of all link weights. This value refers to the expected
value of s; n,  in a random network that preserves the strengths s, and
s; ~ of the original network.
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Fig. 7. Both figures plot the average out-strength of the nearest neighbors of nodes of out-strength s~. The values of out-strength are grouped in logarithmic bins. The
dotted line is the expected null value of no correlation. The figures show that both networks are an assortative mixing.
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The analysis depicted in Fig. 7 shows that the structure of both
networks display clearly an assortative mixing pattern. The same is
observed by considering the in-strength. This behavior differs sub-
stantially from other transportation systems, such as airline networks,
where the spokes are mostly connected to the hubs to improve the
connectivity of the whole system with a small number of direct links
(Bagler, 2008). In the two modes of non-motorized mobility analyzed
here, hubs have a tendency to be connected to hubs, and spokes to be
connected to spokes. A geographical analysis of node strengths in-
dicates that hubs are concentrated in the business and commercial areas
and spokes in the periphery and residential areas.

Another interesting aspect related to directed networks is re-
ciprocity. The reciprocity on an unweighted network is defined as the
fraction of bidirectional links over the total number of links. The re-
ciprocity r is a number in [0,1], where r = O indicates a network
composed of only unidirectional links, whereas r = 1 indicates a net-
work composed of only bidirectional links. The reciprocity was gen-
eralized for weighted networks by Squartini et al. (2013) as:

i i in [y, wyi]
_ 1 Li#j AR

2 Ei;&j Wy 3

Using the reciprocity metric we can investigate whether the mobi-
lity flow networks present a commuter behavior - e.g., flows in one
direction in the morning and in the opposite direction in the afternoon —
and to what extent.

To do that, we evaluated the reciprocity during the morning (7 am
to 10am), during the afternoon (5pm to 8 pm), and also when ag-
gregating morning and afternoon flows.” The reciprocity of the morning
network for the pedestrians is 0.13, and for bikes is 0.18. Both values
indicate networks composed mostly by unidirectional links. During the
afternoon the networks show reciprocity of 0.14 and 0.28 for pedes-
trians and bikes respectively. That indicates a slight increase in the
fraction of bidirectional links for the bike networks; this might refer to
bikes being used for running errands such as going to the supermarket.

Interestingly, by aggregating the morning with the afternoon net-
work, the reciprocity of the pedestrian network increases only to 0.14
whereas, for the bikes, the value of reciprocity reaches 0.39. This ob-
servation indicates that cycling is probably used much more for com-
muting than walking as almost 40% of the flows are bidirectional.

To study the local impact of commuting on the top flow links, we
observed the inversion of the flow direction on the 200 links with the
largest number of trips in the morning and afternoon for both pedes-
trian and bikes. Specifically, in Fig. 8 we show the scatter plot of the
values p~, that is the fraction of trips going in a fixed direction on a
specific link, in the morning and the afternoon. In the case of the bike
network (Fig. 8a), a strong anticorrelation of —0.87 between morning
and afternoon of p~ is observed; this confirms our global observation
that the flows of the bike network tend to reverse the direction in the
afternoon. Differently, the p~ for the pedestrian network has a sig-
nificant positive correlation of 0.66, what indicates a strong stability of
the directionality between morning and afternoon, confirming our
global observation. This result confirms recent work on the asymmetry
of pedestrian behavior performed with a different methodology
(Malleson et al., 2018).

The low reciprocity of the pedestrian network does not necessarily
imply that pedestrians are not commuters; in fact, they could select a
different path or mode of transportation in the afternoon. However, the
differences in flow reciprocity observed in our study constitutes a
genuine and relevant difference between the two modes of transpor-
tation.

SWe repeated this analysis with shorter morning and afternoon intervals
around the rush hour, obtaining very similar results.
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4.5. Sensitivity to weather conditions

To understand the impact of precipitation on non-motorized mobi-
lity, we must take into account that rainy days are not homogeneously
distributed over the year. In Boston, they are more concentrated during
the Winter period, as shown in Fig. 2b. Since we are interested in
comparing the trip rates during the precipitation hours with the trip
rates during fair (i.e., non-precipitation) hours, we must take into ac-
count the confounding effect of the temperature, which is normally
lower during Winter. In fact, by focusing on all trips occurred between
7am and 7 pm during weekdays, we observed a significant Pearson
correlation between the number of trips per hour and the temperature
for the bikes of 0.68 (p-value close to 0). Differently, the rate of pe-
destrian trips show a correlation of only 0.25 with the temperature (p-
value of 10~°2), showing that walking is less affected by temperature
than cycling.

As depicted in Fig. 2a, trip rate decreases significantly during
winter, which is probably due to a mixed effect involving temperature
and precipitation, the latter, mostly related to a perception of safety. If
we want to compare the reduction of the trip rates due to precipitation
events, first we must quantify the confounding effect coming from other
covariates, such as temperature. If such effect is not negligible, then a
statistical matching technique must be applied to rebalance the sets
under study with respect to the other covariates (Stuart, 2010). One of
the most common metric used to evaluate covariate bias is the stan-
dardized bias (SB) (Pan and Bai, 2015), defined as:

|Mt - Mcl

Vi
2 +

SB = X 100%

Bl )

where the numerator is the mean difference in the covariate between
treatment and control, and the denominator is the square root of the
average of the variances of the related covariate. Typically, a value of
SB larger than 25% is considered not acceptable. In our case, we
considered the precipitation hours as the treatment and the fair hours
as control. Thus, M, and M, are the average temperatures for the fair
and precipitation hours respectively, and V, and V. are the related
variances. The SB of the temperature covariate of pedestrians is 53%,
whereas for the bikes is 42%. In both cases the SB is significantly
high, and the comparison of the trip rates between treatment and
control cannot be done directly without incurring in a bias. Thus, we
used a bootstrap matching technique on temperature intervals (bins)
to reduce the standardized bias (Dehejia and Wahba, 1999). In par-
ticular, we split the temperature in bins of 10 degrees Fahrenheit. For
each bin of temperature t, we have four sets: nfb(t) fair hour records
for the bikes, n#(t) fair hour records for the pedestrians, npb(t) and
nP(t) precipitation hour records for bikes and pedestrian, respec-
tively. To rebalance the sets, we created bootstrap replicas of the
records of the four sets with a sampling with replacement of n
() = min {nfb(t),npb(t), nf(t),n,F ()} elements from each set. We per-
formed 10,000 bootstrap copies of the four sets by aggregating the
bootstrap for every temperature bin. This procedure successfully re-
duced the SB of the temperature for both pedestrians and bikes.
Specifically, the average value SB among the bootstrap copies was
1.5% for pedestrians and 1.4% for bikes, with a 95% confidence in-
terval of (0.2%, 3.1%) and (0.1%, 3.0%) respectively. As a result, the
average trip rates during the precipitation hours was significantly
smaller than during fair hours, both for bikes and pedestrians, as
shown in Fig. 9. In particular, precipitations imply a reduction of 13%
of the pedestrian trip rate with a 95% confidence interval of
(9%,16%). Differently, cycling was much more penalized by pre-
cipitation; for bikes, the reduction was 46% with a 95% confidence
interval of (41%,51%), i.e., independent of the temperature, about
half of the people decide not to take a bike trip when there is pre-
cipitation.
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Fig. 8. Both figures show the 200 links with the largest cumulative number of trips in the morning and afternoon. The x-axis represents the fraction of trips occurred
in a certain direction in the morning; the y-axis is the fraction of trips occurred in the same direction during the afternoon. Note the clearly different patterns for bike

sharing (Panel a) and pedestrians (Panel (b).
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4.6. Sensitivity to variation of temperature 0.6
As we pointed out in the previous section, the external temperature .04
has a strong influence on pedestrian and bike mobility. In this section, g
we aim to have a quantitative estimate of the impact on the number of v g5
trips per hour of an increase of temperature with respect to its average § .
monthly value. It is important to consider variation of temperature with =
respect to the average temperature of each month and not the absolute & o0
value because the perception of what is a warm or a cool day varies a O
lot throughout the year. For instance, while 15°C might feel cold for a —0.2 @ Pedestrians

Summer day, it feels warm for a Winter day. To do that, we estimate,
from our dataset, the average temperature and the average number of
trips for each weekday hour in each month (weekends show a very
different pattern and were not considered in this analysis). Then, for a
fixed month, we compute the Pearson correlation between the per-
centage increment of the number of trips per hour with respect to its
average value and the increase in Celsius with respect to the average
monthly value in the considered hour. Specifically, the increment of the
number of trips per hour is defined as %E(K’J(‘)] where E[h] is the
average number of trips occurred in the hour of the instant t in the
considered month, whereas the increase in temperature is simply
T(t) — E[T(t)]1, where T(¢t) is the temperature in the instant t and E[h] is
the average temperature observed in the hour of the instant t in the
considered month. To remove the effect of the weather, we considered
only fair hours, i.e., without any kind of precipitation.

Fig. 10 depicts the result of this analysis on both systems. To assess
the statistical significance of the metric, we estimate a 95% bootstrap
confidence interval (DiCiccio and Efron, 1996) on the Pearson corre-
lation indicated by the bands in Fig. 10. As result, during the Summer
months, the increment of the number of trips of the pedestrian is ne-
gatively correlated with the increase of temperature, it means that a rise
in temperature implies a decrease of trips; differently, the increment of
the number of bike trips seems to be not significantly correlated with
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Fig. 10. The Pearson correlation coefficient between the increment of trips with

respect to the month average and the increment of temperature with respect to
the month average. Bands show the 95% bootstrap confidence interval.

the temperature increment. During the Autumn and until the beginning
of the Spring, the increment of the number of bike trips is significantly
correlated with the increment of temperature; it means that a rise in
temperature implies an increase of cycling trips. It is worth noticing
that only during the winter period we observed this clear correlation for
pedestrians, whereas during Autumn such association seams less robust.

Table 1 shows the percentage of increment in the number of trips
described by the linear law

n - En@®] _
E[n()]

The  parameter measures the average percentage increment of trips
associated with an increment of 1°C. For example, in November, for the
bike system, an increment of 1°C is associated with an increment of
3.8% in the number of trips in relation to its monthly average. Thus, we
could say that a mild November day — for example, with a temperature

T(t) - E[T
B(T(®) — E[T(®H)]) ©)
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Table 1

The table shows 100 X 8, which is the average percentage variation of the
number of trips associated with an increment of 1°C. CI indicates a 95%
bootstrap confidence interval on . The number in bold indicates a value of the
B significantly different from 0, according to the CIs reported in the table.

Month % Bike-sharing CI % Pedestrian CI

trips variation trips variation
Aug 0.0 (-0.8,0.9) -15 (-2.7, -0.3)
Sep 0.0 (-0.5,0.5) -1.0 (-17, -0.3)
Oct 1.3 (0.7, 1.8) 0.4 (0.4,1.2)
Nov 3.8 (3.1, 4.4) 0.8 (0.2, 1.5)
Dec 2.7 (1.4, 3.9) -1.0 (-2.2,0.2)
Jan 3.1 (1.9, 4.5) 1.2 (0.1, 2.2)
Feb 2.1 0.7, 3.4) 1.9 (0.8, 2.9)
Mar 3.1 (2.5, 3.8) 1.5 (0.9, 2.1)
Apr 3.2 (1.6, 4.7) 2.3 (1.5, 3.1)

of 10°C above average — would tend to present an increase close to 38%
in the number of bike sharing trips. It is worth noticing that the
monthly evolution of 3 seems to be consistent with the observation
drawn for the Pearson correlation coefficient.

In summary, these results show that, on the one hand, during hot
months, people tend to walk less when the temperature increases but
this change does not affect cycling. On the other hand, in colder months
(October to April) people tend to use significantly more bike sharing
when the temperature increases. During these colder months, there is
also an increase, but of smaller magnitude, in pedestrian trips when the
temperature increases.

5. Discussion

Regarding the specific data in the analyzed datasets, we can sum-
marize the most relevant findings as follows:

e The duration of trips in both modes of transportation is similar,
typically from 4 to 14 min, following a log-normal distribution.

e Bike trips are typically longer than the pedestrian ones; bike trips
are often used to connect different parts of the city such as different
neighborhoods, while pedestrian trips are normally used to connect
different blocks within the same or adjacent neighborhoods.

® Pedestrian trips have frequency peaks at morning commute time
(around 9:00 am), afternoon commute time (around 6:00 PM), and
at lunch time (around 12:30 PM). Bike sharing trips present peaks at
similar morning and afternoon commute times but do not present a
significant peak at lunch time.

o The network of pedestrian mobility flows presents and hub-based

structure more pronounced than the bike sharing flow network.

Both networks show assortative mixing.

The cycling flows present a very significant bidirectional pattern

with opposite directions in the morning and afternoon rush hours,

indicating a heavy use of bike sharing for commuting. For the pe-
destrian flows, this pattern was not present.

® Bike trips are more affected by severe weather conditions (particu-
larly precipitation) than walking. This may hinder the use of cycling
as an alternative means of transportation during certain periods of
harsh weather.

e In the Summer, citizens tend to walk less during hotter days (while

cycling seems not to be affected). In the Winter, cyclists tend to use

bikes significantly more during days in which the temperature is
relatively mild (while pedestrians are less affected by this factor).

Overall, the strong sensitivity to the weather condition poses a se-

vere limitation to non-motorized mobility, especially during the

winter season.

Thus, if cities wish to promote active modes of transportation as a
means to provide a better environment for its citizens, the sensitivity to
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the weather, mainly in the case of cycling, must be somewhat ad-
dressed; otherwise, the benefits would be limited only to a certain part
of the year (around 8 months in the case of Boston).

The fact that pedestrian infrastructure (i.e., sidewalks and cross-
walks) are of much higher quality and pervasive in the area of study
than their cycling counterpart (bike paths and streets shared with cars)
is probably the most important reason why walking is less affected by
rain and temperature. Cyclists probably feel relatively less safe than
pedestrians when riding under rain and when there is snow or ice on
the streets. In fact, there is evidence that improving the cycling infra-
structure make people more willing to use bicycles, in general. In fact,
Bill et al. (2015) experienced with the use of realistic visualizations to
promote active travel modes in a new walking and cycling route in
Glasgow. By working with focus groups, a frequent remark from par-
ticipants was that the quality of the cycling infrastructure, in particular,
the appearance of protection is considered important in encouraging a
wider uptake of cycling. With a different methodology, based on re-
gression modeling with urban morphology and survey variables,
Rybarczyk and Wu (2014) showed that the space syntax of the city built
environment has a influence on bicycle mode choice. A hypothesis to be
tested in future studies is that, even in periods of harsh Winter, when
the cycling infrastructure is very good and unobstructed, a relevant
level of cycling trips are still preserved.

Our finding that the pedestrian flow network presents a more pro-
nounced hub-based structure than the bike sharing network can be
counter-intuitive as the city network of sidewalks is completely point-
to-point and relatively homogeneous throughout the city. Thus, even
though pedestrians can potentially walk anywhere, they do not; they
tend to base their trajectories on anchor points, the “hubs”. Past studies
have investigated the correlation between street network configura-
tions and pedestrian behavior using various methods and showing
different results (Kang, 2017). In particular, studies on street config-
uration have found that diverse street attributes generate higher
walking volume. While early investigations emphasized the physical
features of street networks in relation to walking behavior, later re-
search confirmed the significance of street density and link structures
for walking activities (Cervero and Kockelman, 1997; Crane and
Crepeau, 1998; Lee and Moudon, 2006). Further research is needed to
better understand what characteristics make up these hubs; one can
hypothesize that major points of interest in the city comprise most of
these hubs.

6. Limitations

A limitation of our work is the fact that we are using bike sharing
trips as a proxy to the overall use of bicycles in the urban space. In
many cities, however, bike sharing represent only a fraction of the total
cycling trips. It might be the case that cyclists who have their own bikes
follow different mobility patterns. This could be mitigated in the future
by using image processing on traffic videos to detect bicycle flows. The
difficulty with this approach is that, to have a minimal coverage of a
city, this would require analyzing hundreds, or even thousands, of
video cameras in real-time to detect and count bike flows. To the best of
our knowledge, this has not yet been done on a scale that would allow
any city-wide analysis of mobility flows. Another alternative would be
to use the location service of smart phones to detect bike (and walking)
trips (e.g., based on speed). This would require tracking the location of
millions of people, which has strong privacy implications but, in fact, is
already performed by cell phone carriers and mobile OS vendors.

The pedestrian dataset has some limitations. First, the data was
collected from an activity-oriented mobile phone application, which
makes the sample non-representative of the total population. Second,
we do not have a way to verify whether users activated the app for all
trips they made. Third, to anonymize the data, a distance of 100 m was
erased from the start and end of each trajectory to avoid identification,
which makes the specific origin and destination a little less accurate.
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7. Conclusions and future work

Non-motorized modes of transportation are an essential element for
the quality of life in cities. They have a direct impact on people's health
and help reducing pollution, mainly when replacing car trips. In this
paper, we analyzed two mobility datasets to identify similarities and
differences between walking and cycling characteristics. This was the
first such study analyzing large datasets both from pedestrian and cy-
cling trips in a combined form, contributing to the understanding of the
dynamics of active transportation. These two modes of non-motorized
mobility have a good potential not only to ameliorate the health of
citizens but also to improve the environment of contemporary cities,
making it less noisy, less polluted, and more comfortable for humans.

This study points out that pedestrian trips and bike trips serve dif-
ferent purposes, complementing each other. Walking is less affected by
weather conditions, possibly due to the superior quality of the walking
infrastructure. Potentially, these findings have a strong spatial impact
for a variety of constituents, including policy makers, planners, and
traffic managers. Higher exposure to car traffic and to environmental
conditions are probably some of the most influential elements to inhibit
bike mobility: a matter that indicates the need of redesigning streets to
facilitate bike mobility. In particular, dedicated bike lanes, covered by
trees or artificial canopies as well as safely lit and detached from mo-
torized mobility, are measures that urban planners and policy makers
could propose for increasing the sense of safety and thus making the use
of bikes more attractive. These interventions have a strong impact on
the design of street sections and could be combined with specific reg-
ulations such as speed and access limitations for motorized vehicles.
These interventions should also take into account the spatial distribu-
tion of the focal nodes of certain neighborhoods, where walkability and
transit availability aspects, such as density of retail destinations, density
of recreational open space, intersection density, residential density and
density of subway stops are higher (Duncan et al., 2013). Also, expert
recommendations and educational campaigns about using bikes during
cold and rainy seasons as well as about appropriate equipment could
expand its use during these periods of the year.

As future work, it would be interesting to analyze the evolution of
pedestrian and bike sharing mobility over longer periods of time (e.g.,
10 years), and relate it to changes in the city socio-economic variables.
It would also be valuable to extend the analysis to other cities and to
assess to which extent the results can be generalized. In addition, it
would be worth investigating what portion of car trips would be
amenable to a switch towards non-motorized mobility and what actions
could be taken by policy makers to enable that change. For informing
policy making processes, it would be essential to highlight the com-
plementarity of non-motorized transportation modes and the relation to
the bike infrastructure and to the street section, in particular with re-
gard to safety, which might be a major issue in facilitating bicycle use.
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