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Abstract

Gravity models are extensively used tools to understand mobility, providing an approximation of
the volume of a flow as a function of distance and local population density. Specific gravity models
have been designed for studying bike sharing systems (BSS) in urban areas. In this paper, we show
how robustness to scale change in data pre-processing can be used as a criterion to select the best
model for BSS usage, in addition to the usual criteria of quality of fit. In a second stage, the study the
recent evolution of BSS use in large cities via a dynamical application of gravity models over rolling
time windows. Exploiting the good interpretability of gravity models, this methodology produces a
time series for each parameter, that can be analysed to study the evolution of local policies and users
habits.

1 Introduction

Due to its ease of use, reduced environmental impact and health benefits, bicycle has become an in-
creasingly popular mode of transportation in urban areas [37]. To promote bicycle use [8, 25] [15] [24],
public authorities have implemented Bike-Sharing systems (BSS), with obvious desirable side effects
such as the reduction of traffic and air pollution. The COVID-19 pandemic has clearly boosted the
popularity of cycling in the city [4]. The undeniable success of BSS all over the world has naturally
led to an ever increasing interest from the scientific community. A general overview on the topic can
be found for instance in [10] 33} 111 22].

Most models of urban mobility concentrate on linking two stations, say ¢ and j with respect to
distance and additional geographical and/or social factors. Gravity models, inspired by Newtonian
mechanics, provide an elegant way to study these interactions. These models have been widely used
in the literature to study mobility in general, within or among cities [3}, (14, 18], and can be made
more complex to better fit the observed flows of individuals by adding external variables related, for
example, to land use or transport [27].

Since a model hardly ever produces a perfect fit on the data, the implicit assumption is the
existence of a stochastic residual term which measures the deviation from each data point to the
model prediction, and only depends on external unobserved factors (hence the resort to randomness).
Neglecting to study the residual terms in the model can be problematic however, as their distribu-
tions should typically dictate the inference method. Based on criteria of simplicity, accuracy and



robustness to scale change, Poisson distributed gravity models [I2] with an exponential relationship
to distance emerge as the best contender for studying BSS data. We implement these models on
datasets from different cities’ bike-sharing systems (BSS), with an emphasis on the French city of
Toulouse and the American cities of Chicago and Washington. By analysing these data in a dynamic
fashion over the four-year period between January 2019 and December 2022, we are able to study
the temporal evolution of the BSS practice over different time windows. In particular, we highlight
the weekly adaptation of the population habits to sudden environmental or societal constraints, an
infamous example being the Covid-19 crisis, the impact of which is already well documented both in
a broad context [29] 34} 2] [T, 6] and in specific locations such as New-York [31], [36] 23], Chicago [16],
Lisbon [32], London [20], Seoul [30], Singapore [28], Zurich [I9] or Beijing [5} 26] to name a few.

The geographical scale of the data is known to strongly impact the outcome of gravity models,
to the extent that modified versions are typically more suited to inter-cities data [35] [38], compared
to urban mobility applications. In [2I], the authors even highlight how gravity models are sensible
to the size of geographical clusters within the same city, in the case of dockless BSS, which may be
problematic for interpretability purposes. With that in mind, we propose to assess the quality of a
model by measuring how the fitted parameters vary as a function of scale within a given dataset,
where the scale is determined by the number of geographical clusters. Using the exhaustive data
available for the French city of Toulouse, the results demonstrate that the exponential Poisson model
is by far the most consistent with respect to scale changes. Because the estimated values remain the
most stable with varying pre-processing of the same dataset, we argue that robustness to scale and
distance variations is a good indicator of greater parameter interpretability.

The exponential Poisson gravity model is then used to study the evolution of BSS use over time
in Toulouse, as well as in the American cities of Washington and Chicago for which data are made
public. A dynamic implementation is achieved by calibrating the model over a rolling five-week win-
dow, starting from January 2019 to December 2022. This approach reveals several common patterns
on BSS use, such as distinct parameters values between work days and weekends, seasonal trends or
adaptation to the lockdowns and restrictions during the Covid-19 crisis. The two main parameters
of the model, denoted by a and 8 throughout, can be naturally associated with two different aspects
of the use of BSS, namely the nature of the trip in relation with the population density both at the
origin and destination for «, and the degree of reluctance to longer trips for 4. Hence, analysing
separately the time-series obtained for these two parameters reveals different types of patterns and
provide a more flexible way to interpret the results. The same analysis was conducted on the cities
of Los Angeles and Philadelphia, revealing similar behaviors at small time scales (e.g. comparing
working days and weekends) but completely different long-term trends, which may be explained by
the relatively small BSS infrastructure and differing policies in these two cities [17].

The paper is organized as follows. We discuss the general motivation and theoretical implications
of the most common gravity models in Section 2} Using the Toulouse data, we show the extent to
which the Poisson gravity model with an exponential relationship to distance is more accurate in terms
of quality of fit and robustness to scale changes. This model is then tested on the American cities of
Washington and Chicago, in addition to Toulouse, in Section [3] A dynamical analysis is conducted
on these cities to study the evolution of the fitted parameters over the four-year period from January
2019 to December 2022. Some common patterns in the evolution of the model parameters provide
some insight on the use of BSS in these cities. Limitations of the dynamical gravity model are shown
by conducting the same analysis on the cities of Philadelphia and Los Angeles where different patterns
emerge, some of which lacking a convincing explanation.



2 General overview of gravity models

We explore the different aspects of gravity models and illustrate their accuracy to describe BSS usage
in urban areas. We discuss the two most common gravitation models variants which either assume a
polynomial or exponential decay of the interaction between two nodes of an urban network in function
of the distance. Then, we go further into the underlying assumptions of these models in terms of
stochastic representation, which is directly linked to the inference method. To illustrate the different
performances of the gravity models variants, we perform an analysis on the data for BSS usage in
Toulouse over the course of 2019 on work days.

2.1 Regression function

Let X;;,4,5 = 1,..., N denotes a numerical vector measuring a level of interaction between nodes ¢
and j. Inspired from Newton’s law and introduced in [39], gravity models typically assume a relation
of the form

(mim;)®

5

where C, «, f are unknown constants, m; represents the mass at the node ¢ and d;; is the distance
between i and j (in this paper, we only consider symmetrical cases where d;; and d;;). For mobility
data, the mass m; is generally chosen as a socio-geographic variable strongly linked to the level of
interaction such as the local density of population, level of wealth, etc... Gravity models are usually
investigated from a graph theory perspective where the data are associated with a weighted graph
G = (V, E) where V denotes the set of vertices or nodes (in general, V = {1,..., N}) and E is the set
of weighted edges. This point of view is especially relevant when the data are sparse, that is when
several of the Xj;’s are equal to zero to indicate an absence of interaction. In this case, the set E
only contains the pairs (¢, j) for which X;; is non-zero.

Xij=C , (1)

Many variants of the gravity models have been investigated in the literature, the most common
example being to assume an exponential function of the distance [7]

Xij ~ C(mim;)®e P i, (2)

Another common variant is to treat the outward mass m$"* and inward mass m;" as distinct variables,

with potentially different exponents, investigated for instance in [7].
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Figure 1: Comparison of the number of trips X;; (light blue) and fitted values (dark blue) as a function of distance d;; in
the homoscedastic log-normal polynomial gravity model, with a y-axis in logarithmic scale (left) and regular (linear) scale
(right). The mean square error (MSE) is calculated in both cases.
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Figure 2: Comparison of the number of trips (light blue) and fitted values (dark blue) as a function of distance in the
(homoscedastic) log-normal exponential gravity model, with a y-axis in logarithmic scale (left) and regular scale (right).

In Figures [1| and [2 (and in the following Figures |3| and , the light-blue points are always the
same, representing the real values (log(X;;) in the left plot and X;; in the right plot). Visually,
the logarithmic values appear to decrease linearly with respect to the distance d;;, providing a more



faithful representation with the exponential relationship (Figure 1)) compared to the polynomial one
(Figure . Nevertheless, none of the log-normal models seem to provide a fully convincing fit (dark-
blue points). Even with the seemingly more suited exponential relationship displayed in Figure 2]
the model clearly underestimates the number of small-distance trips X;; (right plot).

2.2 Conditional distribution

Parametric inference is generally achieved by linear regression on the logarithm of the data points
Xij. For example, in the polynomial gravity model (i.e. with the parameter S as an exponent of the
distance), the linear regression approach corresponds to the relation

log X;; = log C + alog(mim;) — Blog(di;) + €ij , (i,7) € E. (3)

where the €;;’s represent the error terms, generally treated as random variables with zero mean. Note
that only the non-zero terms X;; are conserved to avoid infinite values when taking the logarithm
(hence the restriction to (i,7) € E). This means in particular that the absent interactions X;; = 0
are ignored for the inference.

The treatment of the error terms ¢;;’s is an important, although sometimes neglected, aspect of
the inference. Indeed, the criterion used to estimate the parameters is inextricably linked to the
hypothesized distribution of the €;;’s. For instance, the ordinary least square method, minimizing
the quadratic criterion

2
R(Cya,8) = > (log Xy — (1ogC + alog(mim;) — Blogd;) ) (4)
(i,5)EE

is generally used as the default inference method, ignoring that the criterion should be chosen depend-
ing on the distribution of the error (typically, least square criteria are unreliable if the distribution of
the errors is heavy tailed). From a purely probabilistic point of view, this criterion is equivalent to
the maximum likelihood when X;; has a log-normal distribution conditionally to the masses m;, m;
and distance d;;, which we denote by

Xij ~ LN (®(mi, my, dij), 0 (mi, my, dij)).

The first parameter ®(m;, m;,d;;) is the expectation of log(X;;) conditionally to m;, m;, d;; and thus
depends on the type of gravity model used :

B (i, my, diy) = { log C' + alog(m;m;) — Blog(d;;) (polynomial)

T log C' + alog(mimy) — Bdi; (exponential)
The variance parameter o2(mi, m;,d;;) depends on the amount of detail one is willing to invest in
the model and inference method. The most simple case where all variances are assumed to be equal
(homoscedasticity assumption) justifies the use of the ordinary least square criterion of Equation
and generally provides consistent estimators of the parameters under reasonable conditions. It is the
most popular approach due to its simplicity and efficiency. More intricate criteria such as weighted
least squares are justified in the log-normal scenario if one has some prior knowledge on the variances
parameters and how they relate to the explanatory variables m;, mj,d;j;, or to further improve the
inference method to account for the heteroscedasticity.

Generalized linear models (GLM) are alternatives to Gaussian linear regression associated to
other conditional distributions for the variable of interest X;;. A widely used model for integer



response is the so-called Poisson regression model where X;; is assumed to have a Poisson dis-
tribution (denoted by P(.)) conditionally to the distance d;; and masses m;,m;j. When coupled
with a gravity model that provides a parametric expression of the conditional expectation func-
tion ®(ms, mj,ds;) = E(Xij | ms, mj,d;;), the Poisson regression model corresponds to the following
stochastic representation of the conditional distribution of Xj; :

Xij ~ P(®(mi, my, dij)).

In the Poisson model, the parameter ®(m;,m;,d;;) dictates both the behavior of the expectation
and variance, making this setting somewhat less flexible than the log-normal distribution where an
additional variance parameter is present. Nevertheless, it does provide a better fit for the BSS data.
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Figure 3: Comparison of the number of trips (light blue) and fitted values (dark blue) as a function of distance in the
Poisson polynomial gravity model, with a y-axis in logarithmic scale (left) and regular scale (right).



MSE =1.372 MSE = 1.605

15

N
o
|

m
|
4+ o+
W SN
et

Number of trips (log)
Number of trips ( 10%)

Distance Distance

Figure 4: Comparison of the number of trips (light blue) and fitted values (dark blue) as a function of distance in the
Poisson exponential gravity model, with a y-axis in logarithmic scale (left) and regular scale (right).

Unsurprisingly, the polynomial relationship to distance remains ill-suited for the logarithmic values
of the number of trips, as visible on the left plot in Figure[3] The Poisson exponential model displayed
in Figure [f] does however appear to satisfactorily represent the logarithmic and regular values of the
number of trips Xj;.

Gravity model Polynomial Exponential
log-normal  Poisson | log-normal Poisson
MSE (log) 1.221 2.361 1.158 1.372
MSE (x10%) 11.729 2.216 2.563 1.605

Table 1: Mean square errors of the various gravity models.

The log-normal assumption on the conditional distribution corresponds to a minimization of the
MSE on the logarithmically transformed data, which explains why the minimal MSE is achieved for
these models. Nevertheless, these produce a bad fit on the raw (non-logarithmic) data, especially in
the polynomial gravity model. Conversely, Poisson models are more inclined to minimize the MSE
on the untransformed data, although it is not the criterion used to calibrate the parameters. The
exponential gravity model appears to be much more suited to the BSS data for both distributions,
with the Poisson model providing the overall best results.

2.3 Robustness to scale change

We now discuss the relevance of a gravity model for mobility via its robustness (i.e. stability) to
scale change in the data processing. We argue that to be able to interpret the values of estimated
parameters in a given model in term of characteristics and features in the dataset, these values should
hardly be impacted by a pre-processing of the data. Typically, the 8 parameter of the gravity models
in Equations and is linked to the distances of the BSS trips. Its estimated value can be



interpreted as a tolerance coefficient for the users to do long distance trips: a higher value conveys
a higher tendency to travel longer distances. If the model is well defined, we expect this value g
to be impervious to scale variations in a preliminary clustering of the BSS stations, provided these
scale variations are made for visualization and inference purposes only, with no intention of trans-
forming the data. This unwanted phenomenon is visible in [2I] where the estimated parameters of
the gravity model are strongly dependent on the scale of the space partitioning, making the inter-
pretation of these values relevant relative to each other within each model but not in an absolute sense.

We use this robustness criterion to measure and compare the quality of interpretability of the
parameters in the four gravity models stemming from exponential or polynomial functions of the dis-
tances and log-normal or Poisson distributions, discussed in the previous section. The scale change
arises from a preliminary clustering of the stations based on geographical proximity. While BSS sta-
tions could be dealt with individually in the model, it is only natural to gather the stations into small
clusters since nearby stations are usually interchangeable from the user perspective and are expected
to play the same role in the scheme of things. From the practitioner point of view, regrouping the
stations into small clusters is a way to reduce the data variability at each location while reducing
the size of the network for an easier implementation of the model. Provided that the clusters are
built based on geographical proximity and are reasonably distributed in the network, variations of
the clusters average size between say 3 and 10 stations should not cause a transformation in the data
and hence, should not modify considerably the model’s parameters.

We see in Figure [5| that the Poisson exponential model is extremely robust to scale change for
the parameter (, followed by the log-normal exponential model. The polynomial relationship in the
distance induces a strong dependency to scale, as can be expected from the behaviour of the regres-
sion function for near-zero distances. About the o parameter, the variations as a function of scale
are lower with, here again, a worse performance for the polynomial relationship. Finally, the Poisson
exponential model has the better quality of fit among the four models, regardless of scale.
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Figure 5: Evolution of the models parameters as a function of the scale.

In conclusion, the exponential Poisson model is by far the most robust to scale change among
the four considered models. It also provides the highest quality of fit for the data when aiming for
a compromise between MSE and logarithmic MSE (see Table as well as for the pseudo R? criterion.

The three parameters of the model can be associated to distinct characteristics, which makes it
particularly suited for interpretability. Precisely :

e The a parameter is associated to the density of population over each station (or cluster of sta-
tions). It is linked to the differences of population density between locations for high frequency
trips. A higher prevalence of trips from low-density locations is expected to induce a larger
value of «, all other things being equal.

e The [ parameter is associated to the distances of the trips. A high value of § can be interpreted
as a higher prevalence of long-distance trips and can thus be associated with a degree of the
users reluctance to longer trips.



e The C parameter (the intercept) is associated to the volume of BSS trips over the whole con-
sidered area. It is expected to fluctuate between high usage periods (e.g. spring) and low usage
periods (e.g. winter vacations), other things being equal. In practice however, this parameter
is highly sensitive to small changes in distances and population density which makes it difficult
to interpret independently from the other two parameters.

3 Comparative analysis and dynamical modelling

We tested the model on the French city of Toulouse and the American cities of Chicago and Washing-
ton, for which we have each BSS trip performed between 2019 and 2022. Toulouse data are provided
by the BSS company JC Decaux, and Chicago and Washington data are in free and open access [].
The data, which contains all trips made with start-end times and origin-destination bike stations,
was processed as follows.

e Only the trips lasting between 2 minutes and 1 hour are included as a simple and convenient
way to eliminate outliers.

e BSS stations were gathered geographically into small clusters in each city (100 clusters for
Toulouse, 250 for Chicago and 200 for Washington). The number of clusters was chosen so as
to have an average of around 3-4 stations per cluster in each city, in order to reduce variability
in the data. Due to the lack of bicycles availability that can be observed in some stations
at rush hours (i.e. the station is either full or empty which forces the user to move to the
nearest station), nearby stations often play the same role in the network which further justifies
the clustering process. Note that, as discussed in the previous section, slight variations of the
number of clusters do not impact significantly the estimated parameter values. The trips from
one station to another within each cluster are omitted due to the impossibility to accurately
account for the distance within a cluster.

e An approximation of the local population density based on BSS activity was used for the variable
m;, defined as the total number of trips starting or arriving at cluster ¢ during the reference
year 2019. This value is used for the whole period 2019-2022 in the three cities.

Based on the preliminary analysis of Section [2] we adjust the data using the exponential Poisson
model where the number of trips X;; between stations clusters ¢ and j is assumed to follow a Poisson
distribution with parameter
@(mi, mj, dz]) = C(mimj)ae_’g i .

The quality of fit of the model is measured by the (pseudo) R? defined as

D

RP=1-=

Do
where D and Dg are respectively the deviance of the Poisson model and the null model (see for
instance [9] for the technical details).

While it is expected to vary with the total number of trips, the parameter C is highly sensible
to fluctuations of the other parameters «, 5. Its main purpose is thus to optimize the model fit and
lacks an interesting interpretation. For this reason, the estimated values for C' are omitted from the
following analysis. An overview of the different behavior in BSS usage in these three cities is given
in Table 2] below, which shows the estimated values for the parameters a, 3 for the years 2019 to 2022.
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2019 2020 2021 2022

a | 0.568 0.578 0.585 0.580

Toulouse 15} 0.786 0.745 0.739 0.757
R? 10870 0.868 0.876 0.873

a | 0.451 0.503 0.559 0.465

Washington | 0.763 0.609 0.631 0.704
R?10.875 0.815 0.853 0.889

a | 0.583 0.584 0.785 0.942

Chicago 15} 0.574 0.467 0.311 0.251
R?10.839 0.818 0.753 0.736

Table 2: Estimated parameters and pseudo R? in the three cities from year 2019 to 2022. All are non-zero with high
significance (p-value < 1073).

In Toulouse, the o parameter remains stable during the four-year period. Since « is associated
to the population density at a trip endpoints, this could suggest that the type of BSS trips has not
changed in this period. The fact that there were few modifications in the BSS infrastructure in
Toulouse between 2019 and 2022 should also have contributed to the stability of this parameter. On
the contrary, the 8 parameter has notably decreased during the pandemic before going back up in
2022 while remaining below its pre-pandemic value. This can be explained by a change in the BSS
users behavior in 2020 and 2021, where the lower reluctance to longer trips can be caused for instance
by the will to avoid crowd proximity in public transportation. We observe a trend back towards the
pre-pandemic habits in 2022, confirming the findings of [13], although the change in behavior clearly
continued even after all mobility restrictions were lifted. This phenomenon becomes even more evi-
dent in the temporal analysis discussed further. The model R? remains high, around 0.87, and stable
during the four years, despite the change in parameter values.

In Washington, the effect of the pandemic is visible for parameters o and 3, indicating both a
change in the type of trips and users habits. The high values of a during the pandemic years could
be interpreted as a result of the policy restrictions, particularly the ban on public transportation,
leading to a sudden interest from individuals other than regular BSS-users. Thus, the BSS usage
during the pandemic undergoes a notable change as visible through the difference in the estimated
values of both a and 8 during the years 2020 and 2021. By 2022, a has returned to its 2019 value
while 5 remains significantly below.

In Chicago, the impact of the pandemic is not clearly revealed by the evolution of the two param-
eters. The increase of « after the pandemic is attributed to the rise in BSS usage, from 3.3 million to
5.5 million trips, and the expansion of the BSS network from 581 stations in 2019, to 647 in 2021, and
to more than 700 in 2022 [I7]. The extended network and higher usage may also explained the slight
decline in fit quality going from a pseudo R? of around 0.87 in 2019 to 0.7 in 2022. What is particu-
larly notable in this city is the continuing decrease in the values of 3, indicating users’ willingness to
undertake long-distance trips with shared-bikes, likely due to the gradual introduction of electric bikes.

In Table [3] we compare the results obtained for working days and weekends separately, as well as

for two distinct three-month periods, namely winter (January, February, March) and summer (June,
July, August) in the benchmark year 2019.
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Winter 2019 Summer 2019
a B R? [« B R?
Toulouse Working day | 0.550 0.768 | 0.818 | 0.592 0.664 | 0.835
Rest day 0.531 0.714 | 0.785 | 0.565 0.617 | 0.790
Washington Working day | 0.461 0.794 | 0.887 | 0.467 0.773 | 0.896
Rest day 0.475 0.794 | 0.889 | 0.482 0.757 | 0.886
Chicago Working day | 0.597 0.589 | 0.740 | 0.632 0.517 | 0.796
Rest day 0.262 0.541 | 0.784 | 0.489 0.490 | 0.769

Table 3: Comparison of the estimated parameters in summer vs. winter and working day vs. rest day in 2019.

The changes measured between the different time periods are compatible with the previous inter-
pretations in Toulouse and Chicago. The higher percentage of peripheral trips, longer and connecting
less densely populated locations, is consistent with the smaller values of the two parameters «, 8 on
the weekends. The gap for « is particularly visible during the harsh Chicago winter with the small-
est measured value on rest days. The differences between seasons are also high in these two cities.
Moreover, long-distance trips are more frequent in summer, as conveyed by the smaller 5 parameter.
On the other hand, we observe very few variations in Washington, neither between working days and
rest days nor between summer and winter.

3.1 Temporal evolution

Studying the temporal evolution of travelers’ behaviors in bike-sharing systems (BSS) provides valu-
able insights into urban mobility dynamics and underlying societal trends. In this purpose, we explore
the evolution of the two main parameters using BSS data for Toulouse, Washington and Chicago from
2019 to 2022. The values are obtained by adjusting the model on the data restricted to a rolling
five-week window, analysing working days and weekends separately, over the four-year period. This
study allows us to observe fluctuations in BSS usage, as well as users’ responses to major events such
as the COVID-19 pandemic and changes in BSS infrastructure. By examining annual variations in
key parameters such as a and 3, we can identify emerging trends, seasonal patterns, and the impacts
of policy interventions on the travel habits of urban residents.

12
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Figure 6: Evolution of the estimated o and 8 coefficient as a function of the week over the 4-year period in Toulouse city.

As we can see in Figure@ both parameters are systematically higher during the 5 first days of the
week, confirming the difference of BSS usage between a working day and a weekend day. The higher
gap for 5 between working days and weekends in 2019 seems to narrow down from 2021 onwards.
The steep decline in the parameter values, caused by the mobility restrictions imposed by the french
government at the start of the Covid-19 pandemic, is clearly visible in the second semester of 2020.

The changes in values for a appears to be directly caused by mobility government restrictions, with
a rapid return to a normal level once these restrictions are lifted. This phenomenon is particularly
visible during the two lock-downs of 2020 (from March 17th to May 3rd and from October 30th to
December 15th). On the other hand, the variations of the 8 parameter show some inertia for the
period just following each lock-down, suggesting a more long-term change of mindset in the BSS
users, although they seem to have eventually returned to a normal level in 2022 E

Mnvestigation of the somewhat strange behavior observed in the summer of 2022 led us to believe that it was caused by
an anomaly when collecting the data. For this reason, it is not discussed in the analysis.
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Figure 7: Evolution of the estimated o and S coefficient in function of the week of Washington.

The conclusions are similar in Washington, as can be seen in Figure Izl The values of a and
B remain greater during working days, regardless of the time of year over the whole period. The
higher inertia for £, which slowly increases after its initial drop in 2020, is also present here while the
variations for a are more rapid. The evolution of the two parameters during the pandemic period
is however noticeably different from Toulouse, e.g. at the end of 2020, probably due to the different
timing of the restrictions in this city.
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In Chicago, a clear difference in the evolution of a values in 2019 is noticeable between working
and rest days, but for the following three years, a values are mostly higher during working days.
The « increasing in Chicago is attributed to the increase in BSS usage (from 3.3 million to 5.5
million). Here again, the estimated values for 3 are smaller during rest days, and there is a continuous
decrease during and after the pandemic, indicating users’ lack of concern about making long distances
with BSS. Unlike the two previously mentioned cities, we are no longer in the pattern of returning
to pre-pandemic behavior; habits during the pandemic remain after the restriction. This is most
likely attributed to incentive and expansion programs of the BSS system in Chicago, notably the
introduction of electric bicycles. While a seasonal effect is visible for both parameters, the parameter
a is by far the more affected by the harsh weather conditions in Chicago, especially during the
weekends.

3.2 Model limitation : the cases of Philadelphia and Los Angeles

The same analysis was conducted on the cities of Philadelphia and Los Angeles with mixed results.
Urban cycling mobility is less developed in these two cities, with approximately 0.2 million BSS trips
annually, a number smaller by an order of magnitude compared to the three previous cases.
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Figure 9: Evolution of the estimated o and 3 coefficient in function of the week of Philadephia.

We can see in Figure [J] that the pandemic and mobility restrictions have affected the BSS use in
Philadelphia, as illustrated for instance by the change point visible in the second trimester of 2020,
although the impact seems to be less pronounced. Despite the somewhat more chaotic behavior of
the o time series, most probably due to the smaller sample size causing a higher variability of the
estimated values, a fast return to normal seems to occur following the end of the restrictions. On the
contrary, the § coefficient exhibits a slower return to stability, with the 2022 values remaining higher
than 2019 for working days in 2022 and comparable on the weekends.
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Figure 10: Evolution of the estimated « and 8 coefficient in function of the week of Los Angeles.

In Los Angeles (Figure , the evolution of the calibrated parameters «, 8 highly differs from the
previous cases, the only similar phenomenon being the higher values of the two coefficients on working
days. The impact of the Covid-19 pandemic is less pronounced and no brutal change occurs during
the four-year period. We are unable to provide a clear explanation to the general trend characterized
in all four time series by a gradual decay during the year 2020 followed by a hardly noticeable increase
the two following years. Note that the city of Los Angeles is one of the largest cities in the world in
term of surface area and its BSS infrastructure is composed of two large groups of stations several
kilometers apart, which may cause such differences with the other cities studied.

4 Concluding remarks

Gravitaty models accurately describe the use of bike sharing systems in urban areas when accounting
for the local density of population and distances between stations. Among the main variants, the
Poisson distributed gravity model with exponential relationship with respect to distance appears as
the most suited to describe BSS usage, based on quality of fit and robustness to scale change. The
two main coefficients «, 8 of the model are associated respectively to the type of trips (e.g. work
related, from the city center to the periphery etc...) through the population density of the origin and
destination, and to the BSS users’ habits through the traveled distance.

When calibrated over a rolling time window, the models allow to describe the evolution of BSS
usage over time and exhibit particular behaviors depending on the day of the week, the season or even
exceptional scenarios such as the Covid-19 pandemic. Because gravity models are easily interpretable,
the estimated values of the coefficients o and 8 over the different time periods provide some insight
on the evolution of BSS usage.

A study was conducted on the french city of Toulouse and the American cities of Chicago, Wash-
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ington, Philadelphia and Los Angeles, highlighting several common patterns. Most notably, the values
of « and (3 are always higher the weekends regardless of the time of the year, which is consistent with
the higher percentage of peripheral trips and a more casual use on rest days. With the exception
of Los Angeles, the mobility restrictions imposed in the first half of 2020 caused a sudden change in
the BSS use, which took time to return to its pre-pandemic standard. The effect of the restrictions
are noticeably different for the two coefficients, with 8 taking more time to return to a stability,
even long past the end of the restrictions. This suggests that the pandemic had a durable effect on
the population mindset regarding the use of BSS, and specifically on the willingness to travel longer
distances by bike. In most cases, this change seems to have vanished almost completely by the end of
2022. In the case of Chicago, the gradual introduction of electrical bikes over the 2020-2022 period
induces a continuous decrease in the § coefficient, consistent with an increasing tendency by the BSS
users to travel longer distances.
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