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Abstract
Developing safe infrastructure for micromobility like bicycles or e-scooters is an efficient pathway
towards climate-friendly, sustainable, and livable cities. However, urban micromobility infra-
structure is typically planned ad-hoc and at best informed by survey data. Here, we study how data
of micromobility trips and crashes can shape and automatize such network planning processes. We
introduce a parameter that tunes the focus between demand-based and safety-based development,
and investigate systematically this tradeoff for the city of Turin. We find that a full focus on demand
or safety generates different network extensions in the short term, with an optimal tradeoff in-
between. In the long term, our framework improves overall network quality independent of short-
term focus. Thus, we show how a data-driven process can provide urban planners with automated
assistance for variable short-term scenario planning while maintaining the long-term goal of a
sustainable, city-spanning micromobility network.
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Introduction

In the transport sector, micromobility like cycling is one of the most promising and economic
solutions to the climate crisis (Creutzig et al., 2015; Gössling et al., 2019; Lamb et al., 2021;
Nieuwenhuijsen 2020). At the same time, the most ideal environments to push for more active travel
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are cities because most trips are intraurban and of short length (Alessandretti et al., 2020). However,
to increase the generally low modal share of cycling and other forms of micromobility, well-
designed and cohesive urban micromobility infrastructure networks are needed (CROW 2016;
Nieuwenhuijsen 2020).

Traditionally, the development of such networks follows a local, ad-hoc approach without a
systematic understanding of network effects (Szell et al., 2022; Natera Orozco et al., 2020; Zhao
et al., 2018). Those approaches that are data-driven are typically based on survey data which provide
only a rough proxy for trip demands (Larsen et al., 2013; Lovelace et al., 2017). However, with the
increased availability of high-granularity and high-frequency data sets, new data-driven approaches
are emerging. On the one hand, detailed infrastructure data from crowdsourced platforms like
OpenStreetMap (OSM) and their eased access via novel computational tools (Boeing 2017) enable
scientific inquiry of structure-based strategies and limitations to bicycle network growth (Szell et al.,
2022; Natera Orozco et al., 2020; Vybornova et al., 2022). These approaches place value on
structural network properties while sacrificing specifity such as concrete demand models. The idea
is that independently of the current demand patterns, eventually a cohesive, city-spanning network
should be established in which long-term effects such as induced demand will push the transport
system into a sustainable equilibrium (ITF, 2021, OECD Publishing, 2021; Lyons and Davidson,
2016; Nelson and Allen, 1997). On the other hand, modern approaches that incorporate a variety of
empirical data sets can improve the estimation of flows or potential demand to better inform
priorities for short-term investments (Olmos et al., 2020).

Here, we follow a modern data-driven approach by extending the structural-only network growth
model of Szell et al. (2022) to account for: 1) the existing bicycle network and 2) empirical
micromobility data sets of e-scooter trips and bicycle crashes, collected for the city of Turin, Italy.
Our approach combines the strengths of a long-term structural growth process that aims to develop a
city-spanning network (Szell et al., 2022), with flow (Olmos et al., 2020) and crash data (Larsen
et al., 2013) which are important on the short-term for considering demand and avoiding deaths and
injuries from crashes. Thus, our framework provides a balance on two scales: first, on the short-term
task of “putting out fires” with surgical investments while maintaining the long-term focus on a
cohesive network, and second on deciding howmuch to focus on one versus another data set. As we
show in this paper, our framework consolidates short-term and long-term development goals, and
establishes a data-informed trade-off between demand and safety. Although our main goal is to
study how a network planning process could be informed by data sets in general, we also conclude
with concrete development scenarios of new protected bicycle tracks for the city of Turin which
plans to implement 80 km (Reyneri 2020) of traffic calming measures. We apply our method to the
case of Turin due to data availability, but it is applicable to any city with multiple data sets to inform
tradeoffs between different development goals.

Data acquisition and processing

Infrastructure networks

We downloaded existing transport infrastructure networks of Turin from OpenStreetMap (OSM)
using the Python library OSMnx (Boeing 2017). The street network and the cycling network have
been downloaded and topologically simplified, where the bicycle network is the union of OSM data
structures that encode on-street and off-street protected bicycle infrastructure. In these networks,
nodes correspond to intersections, and links correspond to streets between them. Figure 1(a)
displays the street network of Turin and the existing cycling infrastructure (in green), as of July
2021. For additional details on the cycling network see Section S1 in the Supplementary
Information.
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Bicycle crashes in Turin in 2019

We used a dataset of bicycle crashes in Turin in 20191 providing a variety of information, including
date and time, number, and type of vehicles involved, or geographical coordinates of the crash. We
have only considered crashes involving at least one bicycle, yielding 314 crashes in total. Figure
1(b) shows the distribution of crashes across the segments of the street network of Turin, where a
crash is assigned to a street if it happened within 50 m of it.

E-scooter real-time positions

We collected real-time positions of e-scooters of the e-scooter sharing company Bird in Turin by
accessing its public API.2 Each query returns the position of all e-scooters that are parked within a
given radius from a pair of coordinates. To cover the entire city, we divided it into a grid consisting
of 71 grid cells of size 1506 m and ran a query for each centroid of the grid cells. We set the side of
the cells to 1506 m so that all adjacent queries overlap and we do not miss data in between.
Duplicates resulting from overlaps are removed. Time resolution of each query is 50 min. We
discarded cells of all the industrial, suburban, or hilly areas of the city where no e-scooters are
present because parking is not allowed by the service (see Section S2 in the Supplementary In-
formation for more details).

We collected data of the location of Bird e-scooters from 26 May 2021 until 28 October 2021.
The relevant features returned by each query for each e-scooter are as follows: geographical
coordinates of vehicle position, an identifying label allowing to track the movements of the vehicle,
and battery charge level. We used information on battery charge levels to identify e-scooter
movements made by the company to re-locate the vehicles and charge them, and discarded them
from our dataset. Based on the location data of e-scooters, we computed the density of e-scooters in
the city and built an origin-destination (OD) matrix. Each origin and destination corresponds to the
start and end point of an e-scooter’s movement. We define a movement if:

(i) An e-scooter changes its position by at least 100 m.
(ii) The time between geolocation at the origin and at the destination is less than 90 min. We add

this condition because sometimes the API service has crashed and therefore some queries
ð≈8%Þ are separated by more than 50 min. We do not add movements when the queries have

Figure 1. Street and cycling infrastructure, crash and trip data for the city of Turin. (a) Existing cycling
infrastructure is shown in green, the street network is shown in gray. (b) Data of road crashes that involve at
least one bicycle, in the year 2019. (c) E-scooter trip data from 26 May 2021 to 28 October 2021. Trips are
estimated using the locations (origins and destinations) of Bird e-scooters.
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a separation of more than 90 min because the more time passes between one query and the
next, the more there is the risk that a change in the position of an e-scooter is the sum of
more than one movement.

Before creating the OD matrix, we cleaned the OD data from movements made by the
company: Vehicles are sometimes relocated to high-demand areas (railway stations, office areas,
etc.), additionally the vehicle’s battery must be charged. To clean up the dataset from this kind of
movement we used the following rule. A movement of an e-scooter is removed if one of the
following two conditions is satisfied: (i) The vehicle “disappears” from the city and when it
reappears the battery level has increased (which should happen when the company takes the
vehicle to a warehouse to charge its battery), or (ii) the vehicle “appears” somewhere, but the
battery level did not decrease with respect to the previous queries (which should happen when the
company relocates the vehicle).

Finally, we created a trip dataset from the ODmatrix. We used each OD sample to define a trip by
computing the shortest path on the combined street and bicycle network between the origin and
destination coordinates. Each calculated shortest path is a trip, yielding a dataset containing 40, 694
trips. Figure 1(c) shows the spatial distribution of trips over the street network of Turin.

As of 2022, there are seven e-scooter companies operating in Turin. We have no information on
how much of the Bird data represents the overall demand and use of e-scooters for travel. However,
the operational areas of all e-scooter providers are essentially overlapping.

Model description

Our network development model extends the growth framework developed by Szell et al. (2022) by
integrating existing bicycle infrastructure and data on micromobility trips and bicycle crashes. The
goal of this model is a general development towards a cohesive network, but also to account for
safety and demand using the crash data (proxy for safety) and the e-scooter trip data (proxy for
demand). We can summarize our model in six steps:

Step 0—Definition of area of study

The area of study we consider is the entire municipality of Turin with the exception of some
underpopulated parts. We have chosen to remove from our analysis the underpopulated areas of the
city by setting a threshold on the number of inhabitants:3 All the statistical areas with population
density below 1, 185/km2 were removed from the analysis. This effectively removes the Eastern
hilly part of the city which is a low demand residential area. We have added an exception to the
above rule by including parks and green areas, even though the number of residents is obviously
below the threshold as parks might include potentially safe cycling areas. Figure 2(a) shows the
portion of the road network of Figure 1(a) that was included in the study.

Step 1—Definition of seed points

We define a set of seed points snapped to the intersections of the entire infrastructure network
(composed by the road network and the existing bicycle network). We also define a parameter δ, as
the length in meters that sets the minimum distance between two seeds. The process of defining the
seeds is the following: i) we add the seeds to the intersections of the existing infrastructure such that
all seeds are at least at distance δ m from each other, ii) we add the seeds on the intersections of the
entire network from a grid of side δ m. If the distance between a seed on the existing infrastructure
and a potential new seed on the grid is less than δ m, the seed is discarded (see Figure 2(b) for
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details). In the remainder of the paper, we set δ = 300 mwhich is reasonable with respect to the scale
of the road network in Turin (length of the links, frequency of intersections). We also considered
other values of δ in the range 200–700 m, and our results proved to be robust against variations in δ
(see Section S3 of the Supplementary Information).

Step 2—Definition of potential links

Next, we choose the potential links we will create between the seed points. We sort all pairs of seeds
in ascending order of route distance, then we connect them stepwise with a straight link. A potential
link is added if it does not cross another previously added potential link. Figure 2(c) shows the result
of this process. This condition, combined with the ascending orders of the pairs of seeds, follows the
considerations of Szell et al. (2022) to create a cohesive network via a greedy triangulation (Cardillo
et al., 2006), in which the closest triangle-creating pairs of seeds are connected locally. Note that this
process ignores links of the existing bicycle network: if a new link would cross only edges from the
existing infrastructure, it will be added nevertheless.

Szell et al. (2022) motivate use of the greedy triangulation as optimizing investment costs
(Cardillo et al., 2006), that is, minimizing total length, however, geometric optimization such as

Figure 2. Pipeline of the model. (a) Step 0: the underpopulated and hilly areas of the city (red links) are
removed: no seed points will be added in these areas. (b) Step 1: Seed points are added following a grid
structure and the existing cycle network. (c) Step 2: The link of the abstract network is defined. (d) Step 3: For
each link, the weighted distance dW is defined, then the edge betweenness (represented with the width of the
links) is calculated. (e) Step 4: The links are ranked by betweenness, then the top ranked links are selected up
to a total of D km. (f) Step 5: The selected links are routed on the street network. The blue links represent the
solution proposed by the model, they integrate the existing cycle network (green links).
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Delaunay triangulation could also be a possibility (Barthelemy 2022). We compare these two
methods in Section S7 in the Supplementary Information; we find high overlap between the different
networks generated (Figure S7), qualitatively identical ranking and growth behavior of the metrics
(Figure S8), and slightly better results for the greedy triangulation. Boundary effects are not an issue
for the range of growth studied.

Step 3—Weighted distance

Assuming we have a budget to build D km of potential links, we have to choose which potential
links to build among those defined in step 2. For this purpose, we define a weighted distance dW as
the route distance adjusted with the number of crashes covered by the routed link and the number of
trips passing through the routed link (to see details on howwe count crashes and trips, see section S4
in the SI). We define the weighted distance dW for each potential link from step 2 and for each link of
the existing infrastructure. For a link e (A, B) we define dW (A, B) as follows

dW ðA,BÞ ¼ α dtrip þ ð1� αÞ dcrash (1)

where:
(i) α 2 [0, 1]
(ii) dtrip ¼ ðdþ1Þ

ð1þ9NtripÞ with Ntrip ¼ ntrip
maxðntripÞ

(iii) dcrash ¼ ðdþ1Þ
ð1þ9NcrashÞ with Ncrash ¼ ncrash

maxðncrashÞ
The variable d denotes the length of e (A, B) in meters, ncrash is the number of crashes per km

covered by link e (A, B) and ntrip is the number of trips per km passing through link e (A, B). The
range of the denominator of dcrash and dtrip is the interval [1,10]. In this way, the range of variability
of dcrash and dtrip is the same. We chose this definition for the denominator because it is the easiest
way to set the same range of variability for both crashes and trips without adding nonlinear effects.
The weighted distance affects the edge betweenness centrality calculated for the choice of links in
the next step 4: A smaller dW (A, B) contributes to a higher betweenness for link e (A, B). In Figure
2(d), the width of potential links is proportional to their betweenness.

Using this weighting, the parameter α controls the influence of safety versus demand. A smaller α
makes the model more “safety oriented” while a higher α makes the model more “demand oriented.”
The extreme values 0 and 1 define two models that use, respectively, only crash and trip data.

Step 4—Choose the links

A criterion is needed to choose a number of km of links equal to D km from among the potential
links. Following the considerations of Szell et al. (2022), we choose edge betweenness as a simple
proxy for flow, and as an effective way to build a functional bicycle network quickly, to rank the
potential links. A link with a small weighted distance is more likely to be ranked in the top positions.
We add the links iteratively to the proposed solution, starting from the one with the highest be-
tweenness, until the length of the proposed solution has reached D km. The result is the network
shown in Figure 2(e).

Step 5—Routing

The links selected in step 4 are routed on the street network. The output of the model is a bicycle
network made up of the existing infrastructure and the new D km of the proposed solution (Figure
2(f)).
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Evaluation metrics

To monitor the network growth process, we generate the network up to D = 295 km and store a
snapshot of the network every new 5 km of investment. Recently, the city of Turin announced 80 km
of new investments in traffic calming measures (Reyneri 2020). In this work, we assume that the
80 km of announced infrastructure are equivalent to 80 km of new cycling paths, and we set as main
target the value of D = 80 km of new investments.

To assess how our network growth model uses micromobility data to drive investments, we
evaluate the potential improvement of two different metrics, one representing safety and the other
demand: the crash coverage and the trip coverage. For both metrics, we compute their potential
improvement as

πðDÞ ¼ μðDÞ � μð0Þ, (2)

where μ(D) is the metric μ calculated with D km of new added links, and μ(0) is the metric μ
calculated on the existing bicycle infrastructure (i.e., when D = 0 km).

Crash coverage

To assess how many crashes (involving bicycles) would be covered by a proposed bicycle network,
we define a crash coverage metric. We first assume that a road segment is safer if there is a protected
cycle track, so we expect a reduction in the number of crashes near it. Since we cannot compute how
many crashes would have been avoided with a cycle track, we count how many crashes are covered
by the proposed cycling infrastructure, assuming that higher coverage increases road safety
(Teschke et al., 2012). We label a crash as “covered” if located within 50 m of a bicycle infra-
structure element (see Figure S3 in the SI for technical details). In this way, we can see how the
number of crashes covered in the city increases as the network grows and compare these results
between different settings of our model. Mathematically, we define the crash coverage C as

C ¼ Ncov

Ntot
, (3)

where Ncov is the number of crashes geolocated within 50 m of a bicycle infrastructure link, and Ntot

= 314, the total number of crashes involving bicycles in 2019.

Trip coverage

Parallel to the crash coverage metric, we define a trip coverage metric to assess how the proposed
solution fits the demand. GivenM trips chosen randomly, we calculate the percentage of km traveled
on the cycle infrastructure with respect to the total km traveled. Mathematically, we define the trip
coverage T as

T ¼
P

mlbikeðmÞP
mltotðmÞ

, (4)

where lbike(m) is the number of km on the bicycle path of tripm, and ltot(m) is the total length (in km)
of trip m.

In defining our metric, we calculate the shortest path between origin and destination for each trip.
As a baseline, we do not take into account that a user may accept a certain percentage of detour if it
allows to cycle on safer infrastructure, for example, a protected cycle track. Our way of calculating
the trip (shortest path) therefore gives us the trip coverage if users accept a 0% detour, which can be
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considered as a lower bound. For a more realistic analysis, we also evaluated trip coverage for an
accepted detour level of 25%, which yields similar results in terms of potential improvement (see
Section S5 in the Supplementary Information for details).

Results

Using our development model, we generated networks of new cycling paths in Turin by varying the
parameter α in the range [0, 1], and for increasing values of realistic investments D, representing the
total length in km to be added to the existing infrastructure. Figure 3 shows the performance of the
model in terms of potential improvement in trip coverage (Figure 3(a)) and crash coverage (Figure
3(b)), asD ≥ 5 km of new cycling paths are added to the network, for three characteristic values of α.
As expected, we obtain the largest improvement in crash coverage for α = 0 and the largest
improvement in trip coverage for α = 1. For any value of D, trip coverage for α = 1 is consistently
higher than for α = 0.5 which in turn is higher than for α = 0. On the other hand, we see the best
performance in crash coverage for α = 0 for each D (with the exception of D ≤ 10 km where
statistical noise dominates over potential negligible improvement around 1%, insensitive to the
choice of α). The differences in performance as α varies are evident at D = 80 km but also for lower
values of D, showing that the model is reliable also at intermediate steps of the development plan.
Therefore, our results confirm that the response of the model with respect to the parameter α
provides urban planners with a choice between directing an investment plan towards the opti-
mization of travel demand or safety simply by varying α, in any reasonable range of investment D.
In general, for the data at hand the potential improvement achieved by the model in trip coverage
(Figure 3(a)) is higher than in crash coverage (Figure 3(b)). For instance, considering the results atD
= 80 km, trip coverage displays a potential improvement of 22% (corresponding to a trip coverage of
T = 29%) for α = 1, while crash coverage improves by only 16% (corresponding to a crash coverage
of C = 54%) for α = 0. Such a performance gap decreases with larger values of new investments D,
as shown in Figure S6 of the Supplementary Information. In the extreme case of D = 295 km, the
potential improvement of trip and crash coverage achieved by the model is about 30%, in both cases.
Tables S1, S2, and S3 of the Supplementary Information report numerical values of improvements
for all metrics, and for α = 0, 0.5, 1.

Different choices of α values lead to different structures of the generated cycling network. As an
example, Figure 4 shows the first 25 km of new cycle infrastructure generated by the model in Turin

Figure 3. Network metrics improvement as a function of added cycling infrastructure in kilometers. (a)
Potential improvement of trip coverage for α = 0.0, 0.5, 1.0. (b) Potential improvements of crash coverage
for α = 0.0, 0.5, 1.0. As expected, lower α values lead to higher improvements for a safety-focused growth;
while higher α values correspond to higher improvements for a demand-focused growth. The dashed vertical
line indicates the value D = 80 km.
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for α = 0 (panel A) and α = 1 (panel B). For α = 0, when only crash data are taken into account, new
cycling paths along the North–South direction of the city are initially prioritized, while for α = 1
most of the new links are added in the central area of the city. In particular, we can observe that for α
= 1 the model generates a cycling ring around the main train station of the city. Such different
prioritizations of new links are mainly related to the spatial distribution of the crash and trip input
datasets shown in Figure 1, confirming that the model is well adapted to take into account different
inputs. Crashes are more uniformly distributed throughout the city with some hotspots, while trip
demand is highly concentrated in the city center, the area where most of the e-scooter trips are
concentrated and the service is available (see Figure S1 in the Supplementary Information for a map
of the area where e-scooters can be parked). Figure 4 also shows how the model integrates with the
existing infrastructure by connecting its disconnected components. As expected, the number of
disconnected components of the network decreases with increasing D, however, the trend of the
number of components does not depend on α: as α varies, for a given D, the number of components
remains approximately the same (see Section S7 in the Supplementary Information for details).

So far, we have presented the extreme cases of our network growth model: namely, α = 0 and α
= 1. However, an urban planner may want to look for solutions that improve both safety and
demand at the same time, striking a balance between the two. By setting intermediate values of α,
our model takes into account both crash and trip data providing a solution that balances both
inputs, following the weighting approach of equation (1). Thus, for a given investment in new
cycling paths, D, it is possible to define a trade-off value of α, α*(D), for which both metrics, trip
coverage and crash coverage, achieve the same potential improvement. By setting α = α*, the
model provides the most balanced solution between demand and safety. It is important to notice
that an equal balance between demand and safety would correspond to α = 0.5, in terms of
weighted distance dW, however, this does not immediately translate into an equal improvement on
both metrics, due to the different spatial distributions of trips and crashes.

As an example, Figure 5(a) shows how trip coverage and crash coverage respond to the variation
of α, atD = 80 km. In this case, we find α* = 0.38, indicated with a dashed line on the plot. However,
it must be taken into account that α* is a quantity that depends (weakly) onD. Figure 5(b) shows the
potential improvement in trip coverage and crash coverage at the trade-off value, for increasing D.

Figure 4. The proposed solutions at 25 km of investments using the model described in section Model
description. (a) The proposed solution for α = 0, that is, using only crash data. (b) The proposed solution for
α = 1, that is, using only trip data.
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By measuring α* for varying D in the range 20–90 km, we observed that α* varies in a relatively
small interval: α* 2 [0.28, 0.40]. For these values of D and α*, the potential improvement in trip
coverage and crash coverage increases from about 4% up to 16%. This is a theoretical trend, since,
as D varies, the potential improvement is calculated for α*(D). This dependence on investment
length helps us to understand which trend is obtained at the trade-off value, but in a practical context
where the finalDmight be unknown, αmust be set at the beginning of the process. In such a case, in
Turin, a value of α between 0.28 and 0.40 would provide a balanced solution to generate new
cycling paths that take into account both demand and safety.

Discussion

In this study, we have presented a new data-driven cycling network growth model, which aims to
build up a cohesive network while incorporating multiple empirical data sets, optimizing different
development targets at the same time. In particular, we developed the model to generate new cycling
tracks, to be integrated into existing infrastructure, and to prioritize travel demand and cycling
safety. Through one tunable parameter α, the model generates networks by either focusing on
maximizing trip coverage to satisfy existing travel demand, or by focusing on crash coverage to
increase safety, or by balancing a mix of the two targets. Our work extends previous network
development approaches (Natera Orozco et al., 2020; Olmos et al., 2020; Szell et al., 2022) by
including multiple dimensions into the model, in the effort of providing urban planners with a tool
that can address different mobility needs of a city. To assist this effort, we released the code of our
model publicly.

In this paper, we used the micromobility modes of e-scooters and bicycles interchangeably, being
fully aware that these are not the exact same modes of transport. They could have potentially
different user profiles, usage patterns, or risks due to the novelty of e-scooters (Sanders and Nelson
2022).We used on one hand bicycle crashes as a proxy for micromobility safety, on the other hand e-
scooter trips as a proxy for micromobility demand. It would have been preferable to have also data
of bicycle trips or e-scooter crashes available—but to the best of our knowledge those data are not
collected or being made available publicly in Turin. We justify this choice as follows: First, our

Figure 5. Trade-off between crash coverage and trip coverage. (a) The potential improvement at 80 km of
new investments as a function of the parameter α. Crash coverage is decreasing with α, while trip coverage is
increasing with α. At the value α*, marked by a dashed line, both metrics achieve the same relative
improvement. (b) The potential improvement as a function of km of investments, at the intersection α*. The
colorbar represents the values of α*.
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study does not aim to generate a final, concrete network that can be implemented 1-to-1 by the city,
but we aim to study the general trade-offs between different data sets when used concurrently for
data-informed network growth. From this broad perspective, it is most important that the two data
sets, despite being correlated (Section S9 and Figure S9 in the Supplementary Information), are
different enough to produce different results, which is the case (see e.g., Figures 3–5). Second, e-
scooter and cycling crashes (Shah et al., 2021) and their usage patterns in Turin (Chicco and Diana
2022) and elsewhere (Reck et al., 2021) have been shown to display many similarities. Third, Italian
law (Città di Torino, 2021) considers e-scooters and bicycles as equivalent concerning traffic
rules—they share the same network infrastructure. Fourth, in other Italian cities where both e-
scooter and bicycle trip data are available, there is a strong correlation (see Section S8 in the
Supplementary Information). Lastly, the approaches to non-cycling micromobility network
planning are structurally identical or very similar to bicycle network planning which we used here
(Ignaccolo et al., 2022; Fazio et al., 2021; Comi et al., 2022). Many modes of micromobility are
relatively understudied due to their novelty; therefore, research on the topic is highly fluid and
expected to provide new insights in the near future (Cook et al., 2022).

We applied our modeling framework to the specific case of the city of Turin, but the model can
be easily extended to other cities for which micromobility travel demand such as bicycle or e-
scooter trips, and crash data are available. From a theoretical perspective, our results do not
depend on the city under study: the model is defined to balance the trade-off between two different
mobility targets, here travel demand and safety, and it allows to identify a solution that prioritizes
either one through a single parameter. Urban planners could adapt the model to include different
metrics to be prioritized by the proposed solution, such as the number of speed-limited streets
across the cycling path, street lightning, perception of urban environment, and other measures of
comfort (Quercia et al., 2014, 2015). Of course, such model extensions will require the avail-
ability of geo-located data representing the metrics of interest that could be mapped onto the
existing transport infrastructure.

Our work comes with limitations and possible extensions. In particular, specific instances of the
cycling networks generated by our model may be sensitive to the input data representing the target
metrics. In our study, we examined the case of Turin for which we had crash data from 2019 and trip
data from 2021. The crash dataset contains 314 geo-located events in total, which is large enough to
allow our data-driven planning approach, but also leaves open the desire for extension to reduce
possible statistical noise. Crash data are notoriously underreported, especially for vulnerable road
users (Adminaité-Fodor and Jost 2020; Olszewski et al., 2019), so a change in reporting procedures
could improve the extent and statistical expressiveness of crash data ground truth. Despite general
issues of reporting bias, we are not aware of concrete significant biases in the datasets we used here.
Data from 2020 were also available but we did not include them into the model because urban
mobility was strongly affected by COVID-19 restrictions in 2020 (Gauvin et al., 2021), and 2020
crash data cannot be considered a representative baseline. Unfortunately, crash data before 2019
were not geo-located. A more systematic mapping of bicycle safety in Turin, through a multi-year
data collection, could improve our results by providing a more precise picture of crash hotspots
across the city. Also, we considered crash locations as the most immediate proxy for street safety,
however, other street-level features could be used to model risk, such as street width or number of
intersections (Daraei et al., 2021).

As a proxy for travel demand, we considered e-scooter trip data. The dataset under study is quite
large, including more than 40 thousand trips; however, we assumed that e-scooter riders have similar
mobility needs of cyclists, but this may not be always the case. Recent studies have shown that
micromobility modes display different characteristics: bike sharing services are predominantly used
for commuting, while e-scooter sharing is more related to recreational activities (Reck et al., 2021;
McKenzie 2019). We do not expect such differences to significantly affect our model, since they are
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mainly reflected in temporal patterns of ridership rather than their spatial distribution, but a more
specific disaggregation of trip demand by micromobility mode could improve our results and
would be a natural extension of the model. Also, the e-scooter sharing service is only available
within a part of the city area (see Figure S1), therefore, trip data are limited to a portion of the city.
Combining data from different e-scooter/bike sharing providers would be a solution to overcome
this limitation.

It is important to note that the relative improvement of target metrics is computed with respect
to a baseline value defined at D = 0, that is, with the existing cycling infrastructure. Therefore,
our model assumed that the existing infrastructure already satisfies trip demand and cycling
safety at the baseline values of coverage. Such an assumption could be relaxed to improve model
evaluation, for instance by defining different levels of trip and crash coverage, also at the
baseline, depending on the type of infrastructure that already exists and that is planned. Further,
our proposed approach will always result in initially centralized networks, see also Szell et al.
(2022). However, a centralized initial solution generally reflects the typically centralized mo-
bility flows in cities (Schläpfer et al., 2021), and the algorithm already places the seed points in a
way to cover the whole city so that eventually all points will be reached. We consider im-
plementing a non-centralized initial solution conceptually too different and outside of the scope
of this paper, but we refer to Ospina et al. (2022) who develop a maximum coverage design from
the beginning.

Moreover, we assumed that the addition of new bicycle tracks will automatically increase cycling
safety, but this is a debated issue in the literature. Although there exist empirical guidelines (CROW
2016), there is a lack of scientific consensus on which specific type of infrastructure provides the
best safety, and under which conditions it should be installed. Generally, exposure data can provide
evidence for greater protection through physically separated infrastructure (Teschke et al., 2012),
but safety is such a complex, yet unresolved topic requiring a deep discussion of a multitude of
variables (Klanjčić et al., 2022) or elaborate tools and analysis (Kondo et al., 2018), that we consider
it outside the scope of this work. It is, however, important to note that the total number of crashes is
just a reflection of infrastructure safety versus route choice since we were not able to consider
exposure data. For example, it might happen that unsafe roads are not classified as such, because no
cyclists are using them and thus, no crashes occur there. Adequately corresponding data of bicycle
trips, which we do not have unfortunately, would allow to calculate crash risk per travelled length.
For this, it would be important to have data over a longer observation period with a larger number of
crashes, possibly assisted by state-of-the-art methods like Bayesian analysis (Kondo et al., 2018),
towards adequate statistical robustness. Nevertheless, the absolute number of crashes is important to
consider for short-term investments, that is, in the realistic scenario where the city wants to “put out
fires.”

To summarize, our approach is as an extension of the network growth model of Szell et al.
(2022), which overcomes two previous limitations: Our new model 1) does not ignore existing
cycling infrastructure but snaps seed points explicitly to existing bicycle tracks, and 2) it in-
corporates empirical traffic data to allow meeting short-term goals. These are two important steps
away from a purely theoretical growth model towards a more realistic approach that could be
useful for both underdeveloped and developed cities. By combining the goals of satisfying
demand/safety and structural cohesion, we unite a short-term engineering approach of accounting
for acute mobility circumstances with a long-term systemic approach of designing an accessible,
sustainable mobility system (oec 2021). Such a flexible, data-driven process can thus provide
urban planners with a well-rounded, automated assistance for variable short-term scenario
planning while maintaining the long-term goal of a sustainable, city-spanning micromobility
network.
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Notes

1. Crashes in Turin (2019) available at: http://aperto.comune.torino.it/dataset/elenco-incidenti-nell-anno-
2019-nella-citta-di-torino

2. Access instructions to the Bird API are available at: https://github.com/ubahnverleih/WoBike/blob/master/
Bird.md

3. Number of residents in Turin (2020) by statistical areas available at: http://aperto.comune.torino.it/en/
dataset/popolazione-per-sesso-e-zona-statistica-2020. Shapefiles of statistical areas of Turin available at:
http://geoportale.comune.torino.it/geodati/zip/zonestat_popolazione_residente_geo.zip
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