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Abstract

To achieve net-zero emissions, cities must transition away from reliance on private vehicles. However,
car-centric urban growth has transformed the automobile from a convenience tool into a necessity for
accessing essential services, creating signi cant \car dependency". This study introduces a novel Car De-
pendency Index (CDI) that quanti es the accessibility gap between private and public transport across 18
cities in Europe and North America. Utilising high-resolution geospatial data and numerical simulations,
we reveal pronounced spatial inequalities, showing that car dependency remains a primary driver of car
ownership even when accounting for income. A \what-if" simulation of the planned metro expansion
in Rome predicts a reduction of approximately 60,000 commuting vehicles, yet highlights that isolated
interventions have localised impacts. We conclude that systemic, network-level transit expansions are
essential to dismantle car-based systems and foster equitable, sustainable urban mobility. Our framework
provides policymakers with an objective, scalable tool to identify viable areas for car-free zones and target

infrastructure investments e ectively.

Introduction

The movement toward sustainable urban living is
transforming cities and is centred on a debate on
the role of cars in daily life. To advance sustain-
able transportation, urban planners, policy makers,
and activists implement measures such as conges-
tion charges [1, 2], car-free days [3], cycling infra-
structure [4], and pedestrian zones [5]. Additional
strategies include limiting parking [6], improving pub-
lic transport [7], raising residential parking costs [8],
and establishing car-free areas [9].

Reducing car usage is central to these measures, as
it is crucial to obtain net zero carbon emissions [10,
11] while bene ting air quality [12]. They also ad-
dress the often-overlooked burden of deaths and in-
juries from road crashes [13, [14]. Other bene ts in-
clude less noise, less congestion, reduced urban heat
e ects [15], and more public space that would oth-
erwise be needed to move and park private cars.
These changes help build more liveable urban envir-
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onments [16, |[17]. However, the role of the car is a
nuanced issue.

On the other hand, cars have long helped create
more equal opportunities in cities [18]. They give
many people reliable ways to get around. In this
view, cars are not a dependency but a tool for fair
access, even if they do not always save time [19]. How-
ever, urban growth has become increasingly depend-
ent on cars [20]. This has shifted cars from a means
to reach more options to a dependency. Without
them, many people would not have access to even
basic services [21, [22]. Lately, this situation has been
reconsidered to nd new, fair ways of access. The
push comes from the need for sustainable solutions
and from problems caused by more people moving
to cities, which worsen tra ¢ [23, [24]. This tra ¢
slows things down and lowers quality of life [25]. Even
though reducing car use has clear environmental and
social bene ts, it is still hard to move beyond car-
based systems. This is because of the strong polit-
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ical and economic factors supporting them [26], which
leads to resistance to restricting or removing cars from
cities.

Understanding the spatial patterns of access that
generate car dependency is essential for designing ef-
fective and equitable transport policies. The oppor-
tunities available to individuals depend mainly on
proximity and ease of transportation [27, 28], and
studies show that having essential services within
walking or cycling distance reduces emissions [29, 130}
31]. However, proximity alone is insu cient in large
cities, where not all destinations ] such as workplaces
or higher-quality services ] can be nearby [32,33]. As
a result, the e ciency and convenience of transport-
ation modes remain crucial for accessing opportun-
ities. Urban areas vary in their reliance on private
vehicles: income, land-use patterns, and the availab-
ility of alternative modes shape this reliance. Recog-
nising these spatial disparities enables policymakers
to target interventions more precisely, to ensure ef-
forts to reduce car use do not reinforce social or spa-
tial segregation but instead promote inclusive and
sustainable access for all residents.

Recent studies therefore analyse inequalities in
accessibility between private and public transport.
Mattioli [34] highlights how car dependency inter-
sects with socioeconomic distress, while Wiersma et
al. [35] examine the spatial determinants of depend-
ency, showing how density, land-use mix, and access-
ibility in uence modal choice. Wu et al. [36] adopt a
similar approach by comparing job accessibility by car
and public transport across metropolitan areas world-
wide. Most recently, Kiberd and Stranak [37] propose
a car dependency index for English cities that integ-
rates indicators of potential accessibility, commuting
behaviour, and residential density.

Building on these insights, we quantify the spa-
tial distribution of car dependency in cities using a
comprehensive accessibility framework. This frame-
work compares opportunities reachable by car and by
public transport, using open data. We develop a ne-
grained index based solely on potential access to es-
sential services and leisure activities, capturing each
area’s capacity to support car-free living. We frame
cities as cities of opportunities |33, [28] to show how
transport provision and residential location interact,
creating systematic inequalities between car owners
and public transport users. We apply this frame-
work to 18 cities across Europe and North America
to measure accessibility gaps within and between cit-
ies. We validate the index against observed commut-
ing behaviour and link car-free potential to income
and car ownership in Vienna. Finally, we simulate
planned metro infrastructure in Rome to estimate its
impact on car dependency and potential reductions in
car use, illustrating how public transport investments
can lower reliance on private vehicles.

Together, by identifying areas where car removal is

feasible, our contributions provide an objective, scal-
able measure of car dependency that enables more
equitable, evidence-based urban mobility policy.

Methods

Figure 1: Schematic representation of POIs ac-
cessibility by dierent transport modes. The
agent at the centre of the gure can access points of
interest (POIs), indicated by pins, using either public
transport or a private car. Areas of the city, repres-
ented on a hexagonal grid, are shown in red if reach-
able by car within a normal-length journey, in blue if
reachable by public transport within a normal-length
journey, and in purple if reachable by both modes.

Static data: city borders and quantities

For each city, we de ne the study area based on its
o cial administrative boundaries, downloaded from
the municipal websites at the time of data analysis.
This choice re ects data availability constraints, as
obtaining consistent public transport information for
peripheral areas is more complex due to its multiple
sources and could bias our car dependency estim-
ates. In our framework, each city consists of all the
resolution-9 hexagons from the H3 geospatial index-
ing system [38] whose centroids fall within the city
limits. This resolution corresponds to a hexagon side
length of approximately 200 m.

The population residing inside each hexagon is de-
rived from the gridded population data provided by
WorldPop [39]. The latter are de ned on a square
grid with a side of 100 m. We assume the popula-
tion within each square is uniformly distributed. The
population of a hexagon h is calculated as the sum of
the population counts of the intersections between h



and the squares. Hexagons with a population count
of zero are excluded from the analyses and shown in
grey in all plots. All aggregate results shown are av-
eraged using population as a weight.

The Points Of Interest (POIs) inside each city are
obtained from OpenStreetMap [40] data downloaded
from [41]. Data objects can be points or polygons; in
that case, we use the centroid as the POI’s location.
All entries have attached tags, consisting of key:value
pairs, such as amenity:restaurant. We manually built
a list of tags identifying POIs and discarded data
entries that did not contain any of those tags. Each
POl is then assigned to the hexagon that contains it.

Travel times computation

Travel times by public transport and by private car
are computed for all origin-destination pairs in a city.
For the sake of tractability, all paths begin and end at
the centroid of a hexagon, and we assume that if a des-
tination centroid is reachable within a time t, then so
are all POls within the destination hexagon. For both
public transport and cars, we assume the fastest path
between the origin and destination is chosen. In the
case of public transport, we rst compute the travel
times by foot between all hexagon pairs with a line-
of- ight distance of less than 1.25 km (corresponding
to travelling in a straight line without obstacles at
a speed of 5 km/h for 15 minutes) using the Open
Source Routing Machine (OSRM) [42] with Open-
StreetMap data. Together with the public transport
schedule, the foot times are used as input for the Con-
nection Scan Algorithm [43]. This produces travel
times for the fastest public transport routes that al-
low walking for up to 15 minutes between stops (e.g.,
getting out of a metro station to take a bus). Car
times are also computed through OSRM, and correc-
ted as:

Trac

tear (0;d) = (L+ &§° )RR (0;d) + 15min (1)

where I{{;C is the city’s average time lost to tra ¢

in 2023 compared to driving in free- ow conditions,
computed by TomTom in their 2023 Tra c Index Re-
port [44], t283RM (o; d) is the \raw" travel time for the
fastest path between o and d by car as computed
by OSRM, and we added 15 minutes to account for
walking to the car before the trip, nding a park-
ing spot, and walking from the parking spot to the
actual destination. This bu er is arbitrary and de-
pends on many factors, such as the city, urban areas,
and time of day, and is intended to make the sim-
ulation more re ective of real-life conditions. While
the extra time required can vary, adjusting this para-
meter would merely shift our overall metrics without
a ecting the relative territorial di erences.

Opportunity metrics

We now de ne Hnm (to;t) as the set of hexagons
whose centres can be reached using mode of trans-
portation m 2 fPT; Carg, starting from the centre
of hexagon h at time to and travelling for t, and
Phm (to;t) as the number of POIs contained in
Hhm (to;t) (note that time here has a resolution of
one second). In Fig. [1) we provide a schematic g-
ure of our framework. In terms of this, we de ne the
opportunity score of a hexagon as:

Oh;m = dtf(2t) P him (to; 1) ;

t=t o to
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where the average is taken over to from 8 AM to
10 PM in steps of 1 hour. Night hours are excluded
for simplicity, as they would require separate treat-
ment due to di erent PT scheduling and POI usage
patterns. This quantity can be seen as one of the pos-
sible implementations of the primal access metric|[45,
46]. Here f(t) is gyutility function such that f(t) ! 0
fort! 1 and f(t)dt = 1, representing the idea
that POls farther from the hexagon centre weigh less
on the opportunities of residents as they need more
time to be reached, and is calculated in 2t to account
for the return trip. In the results section, we used:

()= te- ®

with equal to 60 minutes. We veri ed (see sup-
plementary material) that Spearman’s rank correla-
tion coe cients between results obtained with di er-
ent reasonable choices for f are close to 1.

If one thinks about f(t) as the probability density
of doing a journey of duration t, then On.m can be
interpreted as the average number of POIs (“oppor-
tunities") that a resident of h can encounter during a
typical day.

Car Dependency Index metric

We now de ne the Car Dependency Index CDI;, as:

Oncar O npt .

CDly = ———
" Oh;Car + Oh;PT
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Positive (negative) values of CDI;, indicate that op-
portunities are more easily accessible by car (public
transport). While the values and sign of CDI, may
vary with the chosen parameters and metrics, the re-
lative inequalities within and between cities remain
consistent across comparable speci cations. Aver-
aging over all hexagons using their population counts
as weights, we get the city’s opportunity scores On
and the global car dependency index CDI.



Impact of car dependency on car usage

In studying the impact of car dependency on car us-
age, we use data on modal share for commuting col-
lected from various surveys [47]. From the city pop-
ulations reported in the dataset, we deduce that the
data for the cities under study refer to the portions
of those cities enclosed by administrative boundaries.
We evaluate the correlation between the population-
weighted median of the CDI and the percentage of
commuting trips made by private vehicles in each city.

Impact of car dependency on car ownership

We then use Vienna as a case study to explore how
car dependency and car ownership interact. To es-
timate the fraction of Vienna’s citizens with access to
a car, we assume that if a household member owns a
car, all other household members have access to it. In
doing so, we also consider that underage people could
access it, implying that the adults who take care of
them would drive them to the POIs where they can
access opportunities. The household-size distribution
in Austria [48] is considered valid in Vienna for sim-
plicity as well. We know from the municipality of
Vienna [49] the number of registered vehicles V per
district. We also know the resident population P of
each district [50]. We therefore can compute the mo-
torisation M of each district as:

M= —:

i ®)

The probability of not having a car, for a resident
extracted randomly from a district with motorisation
M is:

6

Therefore, assuming that everyone buys cars inde-
pendently from the other people in their household,
the probability that no one in a household of n people
owns a car is:

P (car-less person)(M) = (1 M):

P (car-less hous.)(M;n) = (1 M) ": @)

Then the probability that at least one in the house-
hold has a car, and therefore it’s shared with all the
members of the household, is:

P (car hous.)(M;n) =1 P (car-less hous.)(M;n):
()
Then, nally, the fraction F of people having access
to a car in a district with motorisation M is:

F(M) = PP(car person)(M) =
n P (car gous.)(M;n) n f(n)
"~ . n f(n) ’

where f(n) is the frequency of households with n com-
ponents in Austria [48].

€)

The entire case study in Vienna is conducted at
the district level. To compute the car dependency in-
dex CDI of a district, we start from the hexagonal
grid previously discussed and assign to each district
the average value of CDI of hexagons whose centroids
fall within the district’s boundaries, weighting each
hexagon by its population.
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Figure 2: Opportunity scores by public trans-
port and car. Panels (a) and (b) present Oppor-
tunity Scores in Rome by public transport and by car,
respectively. Panel (c) shows the population-averaged
opportunity scores of various cities.

Results

Fig. [2 illustrates the di erence in accessibility
between car and public transport. The maps of Rome
display, in colour, the opportunity scores by public



Figure 3: Maps of Car Dependency Index. In the blue areas, public transport is estimated to be more
e cient than cars, while the opposite is true in the red areas. Peripheries are generally more car-dependent,
but the presence of urban train stations and metro stops has a positive impact ] evident in the white spots

where a car is not strictly necessary.



transport (Panel a) and car (Panel b). Rome is one
of the cities in the analysis where this contrast is most
pronounced, and the map clearly shows that the two
numbers are comparable only in areas near the metro
lines, whose network is clearly visible in panel (a).
Opportunities reachable by car remain higher in the
centre, but the core-periphery divide is lower. Among
all the cities in our sample, only Paris and Zurich
have a higher opportunity score for public transport
than for cars, as shown in the histogram in panel (c).
These aggregated scores should be taken as general in-
dications, and it is worth noting that both have relat-
ively small administrative boundaries. Fig.[3 presents
maps for a selected subset of the cities under study, il-
lustrating the spatial distribution of the Car Depend-
ency Index (CDI). Maps for all 18 cities are available
in the supplementary materials or onlineﬂ Negative
CDI values are represented by shades of blue, posit-
ive values by shades of red, while hexagons with no
resident population are displayed in grey. Analogous
plots for all the cities under study are available in
the supplementary material. In general, central areas
have lower car dependency than peripheral areas, but
urban rail infrastructure, such as metro lines, extends
low-car dependency into the city’s outskirts. Table[]]
lists the average CDIs of all cities under study.

Table 1: Average Car Dependency Indices of
cities

Rank City CDI
1 Paris (Municipality) -0.111
2 Zurich -0.020
3 Nantes 0.013
4 Bordeaux 0.053
5 Milan 0.063
6 Barcelona 0.087
7 Porto 0.091
8 Stockholm 0.094
9 Munich 0.102
10 Valencia 0.102
11 Vienna 0.129
12 Paris (OECD City) 0.166
13 Seattle 0.188
14 Berlin 0.195
15 Karlsruhe 0.202
16 New York 0.241
17 Chicago 0.270
18 Malaga 0.310
19 Rome 0.335

The cumulative CDI distribution by resident pop-
ulation for each city is shown in Fig.[4] For each city,
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for a given CDI value, the curves show the number
of residents living in areas with a car dependency in-
dex less than or equal to that value. Therefore, the
steeper the curve, the more homogeneous the distri-
bution of the CDI. Cities with lower average car de-
pendency also tend to exhibit lower levels of inequal-
ity.

Panel (b) of the same gure reports the CDI com-
puted for the Paris urban core, de ned according to
OECD [51]. This area is considerably larger than the
municipality, yet smaller than the entire Functional
Urban Area. The city centre, located within the mu-
nicipal boundaries, exhibits substantially lower scores
than the surrounding peripheral areas. Consequently,
city-wide averages and rankings depend on the spatial
delineation adopted, as further illustrated in Table
where the smaller and larger borders of the city result
in substantially di erent city-wide averages. Border
e ects instead introduce only negligible variations in
the results (see Supplemental Material).
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Figure 4: Car Dependency Index distribution
among city residents. In Panel (a), we show the
cumulative distribution of car dependency scores for
the resident population of di erent cities. In Panel
(b), as an example, we show the spatial distribution
of the Car Dependency Index values in the Paris met-
ropolitan area, highlighting the smaller administrat-
ive boundary.



Impact of car dependency on car usage

The car dependency index can shed light on car use in
cities. Fig. illustrates the relationship between the
median CDI and the percentage of commuting trips
made by private vehicles in the cities under consider-
ation. Unsurprisingly, the two variables are positively
correlated, with a correlation coe cient of r = 0:66
(p <0:01). The greater the need (i.e., a larger CDI),
the more people opt to own a private car.

Figure 5: Share of car use in commuting vs me-
dian car dependency index of the cities con-
sidered.

Impact of car dependency on car ownership

In Fig. @. panel (a) shows the average net income
of district residents, panel (b) displays the estimated
share of citizens with access to a car across Vienna’s
districts, and panel (c) reports the average CDI.

In the historical city centre (district no. 1), the
share of residents with access to a car reaches 100%,
which is likely an overestimate. This occurs be-
cause the number of cars registered in the district
is nearly equal to its population, as many compan-
ies have their headquarters | and thus their company
cars | there [49].

Panel (d) of Fig. [ summarises the relationship
between car dependency, car ownership, and wealth
in Vienna. Each dot represents a district (labelled
by number), with the x-axis showing average net in-
come and the y-axis the share of residents with ac-
cess to a car. The colour scale indicates the district’s
average CDI. Data for District no. 1 should be in-
terpreted cautiously due to the bias introduced by
company car registrations. The remaining districts
reveal a clear trend: wealthier districts tend to have
higher car ownership, but for a given income level,
those with a greater CDI value show a greater share
of car owners. This pattern underscores the combined
in uence of economic means and neighbourhood car
dependency on car ownership decisions.

Impact on car dependency of a new public
transit infrastructure

In Fig. [7] we forecast the impact on car dependency
of new infrastructures. Speci cally, we focus here on
the planned new metro stops of the C line in Rome
and the opening of a planned new D line. Since the
project has undergone multiple changes and has not
yet been nalised, we used the last available locations
at the time of writing. Notice that Rome has the
largest average CDI of all cities in our sample. Nat-
urally, the largest decrease in car dependency occurs
along the new routes being built; however, there is
a mild, di use e ect across a large part of the city.
Worth noting is that an appreciable decrease in CDI
occurs along the old stops of the C line, connecting
notoriously underdeveloped areas in the east of the
city to the centre. The city-wide variations in av-
erage CDI and opportunity score are -0.029 and 81,
respectively, which become -0.058 and 187 if we con-
sider only citizens living within a 5-minute walk (at
5 km/h) of one of the new metro stops. Therefore,
at the city scale, the change would be quantitatively
modest, with the entire city surpassing only Malaga
in the ranking in Table[Il On the other hand, if we
consider the ten hexagons with the largest decrease
in CDI (which are home to over 11000 citizens), the
variation would be rather signi cant, bringing the av-
erage CDI from 0.333 to 0.110, similar to the average
values for Munich or Valencia. We then performed
a logistic regression on the relationship between me-
dian CDI and car share, shown in Fig. 5] and used
the resulting logit function as a simple approximation
(details in the supplementary material). We estimate
that the CDI reduction could lead to an approximate
5 percentage-point decrease in the median car com-
muting share, from 66% to 61%. Since the number
of employed people in Rome is approximately 1.25
million, this corresponds to over 60,000 fewer cars
typically used for commuting, assuming one car per
car-commuting worker. This result, although already
substantial, re ects the estimated impact of a single
metro line. Accordingly, the magnitude of the ob-
served reduction highlights that achieving a mean-
ingful, city-wide decrease in car dependency would
likely require a coordinated expansion of the metro
network, rather than isolated interventions.

Discussion

In this study, we have developed a novel territorial
metric to assess access to opportunities and car de-
pendency in urban areas. By comparing the oppor-
tunities reachable by car and by public transporta-
tion, we tackled the uncomfortable question of car de-
pendency and explored the consequences of removing
cars from cities. Our analysis underscores the spatial
inequalities in car dependency, o ering insights into



Figure 6: Relation among income (a), share of residents potentially using a car (b) and car
dependency (c), in Vienna, represented in a scatter plot (d). Income and car dependency of your

area both contribute to your likelihood of being a car owner. Here, car ownership is also intended to be
shared: if a household owns a car, every household member is considered a car owner.

Figure 7: CDI variation in Rome after the introduction of planned new metro stops.



the social implications and informing more equitable
urban mobility strategies. By measuring and com-
paring accessibility times to a range of services and
facilities ]| denoted here generically as opportunities
| for both car and public transport users, we provide
a clear picture of private versus public transport in
selected urban areas.

This index can be easily adapted for policymakers’
use and used to evaluate the feasibility of imple-
menting strategies to reduce car usage, such as Low
Tra ¢ Neighbourhoods and restricted tra c zones,
by identifying areas where car removal is viable
without signi cantly reducing residents’ and com-
muters’ mobility. Furthermore, the index highlights
regions where public transit infrastructure needs
strengthening or where establishing interchange park-
ing areas would be bene cial.

Importantly, we show that our index correlates
with car usage levels in cities, supporting the value of
this methodology as a reliable indicator of car depend-
ency. This correlation underscores the robustness of
our index and highlights its applicability across dif-
ferent urban contexts.

In a case study on the districts of Vienna, we also
measure the e ect of car dependency on car owner-
ship. To do so, we account for the e ect of income,
a well-established determinant of car ownership [52,
53, [54].

Policies also in uence car ownership; for ex-
ample, low-emission zones and on-street parking regu-
lations [55]. Nevertheless, characteristics of the built
environment also play an important role in shaping
car ownership. It is well established that households
in high-density areas tend to own fewer cars than
those in low-density areas [56, [57]. One contribut-
ing factor is the greater availability of parking in low-
density areas [58, |59, |60].

However, beyond parking availability, additional
mechanisms contribute to this pattern, which are cap-
tured by our car dependency index. Greater prox-
imity to amenities | more easily achieved in denser
areas | is associated with lower levels of car owner-
ship [61]. Moreover, high-density neighbourhoods are
typically better served by public transport [62], and
improved job accessibility via public transport net-
works has been shown to play a signi cant role in
reducing car ownership [63]. If the abundance of
points of interest (POIs) is considered a proxy for
workplaces, our de nition of opportunities can also
capture this accessibility dimension.

Building on these observations, we proposed the
car dependency index as a tool that captures some
key characteristics of the urban environment associ-
ated with car ownership. Testing across the districts
of Vienna, we observe a clear pattern: districts with
similar mean income have very di erent motorisation
rates, linked to residents’ di ering need to own a car
to access opportunities in the city, as shown by the

car dependency index. In particular, wealthier neigh-
bourhoods with lower levels of car dependency, like
the 7th and 8th districts, tend to own fewer cars than
poorer neighbourhoods characterised by higher car
dependency, like the 10th and 11th districts. This
evidence sheds light on the e ectiveness of reducing
car dependency | particularly through the provision
of e cient public transport | in lowering car owner-
ship in urban contexts.

The map of the car dependency index in Vienna
in Fig. [3 resembles the map of urban sprawl presen-
ted in [64]. This similarity suggests the realisation
of the theorised feedback loop, linking car use to the
generation of urban sprawl and, in turn, associating
sprawled urban forms with higher levels of car de-
pendency [65]. Nevertheless, further investigations
would be needed to trace a causal link between these
two quantities.

Last but not least, we simulate a planned metro
line in Rome and estimate its impact on car depend-
ency. While the e ect is sizeable, reducing car com-
muting by several percentage points and resulting in
tens of thousands of cars being less used for com-
muting, the impact is concentrated among residents
living near the new stations. This spatially localised
e ect suggests that more systemic, network-level in-
terventions are required to induce broader and more
persistent changes in persistent mobility practices.

It is also important to note some limitations in our
approach. We have simpli ed certain factors that in-

uence car dependency, for instance, by using a mean-

eld approximation for tra ¢ and parking times. For
speci c use cases, the index can be ne-tuned with re-

ned tra c¢ and mobility data to provide more accur-
ate, context-speci ¢ recommendations. Despite these
limitations, our ndings o er a foundational frame-
work for developing sustainable and inclusive urban
mobility solutions.

Conclusions

This study establishes the Car Dependency Index
(CDI) as a robust, high-resolution metric for evalu-
ating the structural necessity of private vehicle use
in urban environments. By mathematically formal-
ising the accessibility gap between private and public
transit, our ndings reveal that car dependency is not
merely a behavioural choice but a spatial consequence
of urban form. While central urban cores demonstrate
the capacity for car-free living, peripheral districts re-
main trapped in high-dependency cycles, a disparity
mitigated only by the presence of high-capacity rail
infrastructure.

The CDI’s strong correlation with real-world com-
muting data and car ownership, independent of in-
come, validates its utility as a diagnostic tool for
urban planners. Our simulation of the Rome metro
expansion underscores a critical policy lesson: while



localised infrastructure projects yield signi cant be-
ne ts for immediate residents, they are insu cient
to trigger city-wide shifts. To achieve durable re-
ductions in urban emissions and address spatial in-
equalities, policymakers must move beyond isolated
interventions toward systemic, network-level transit
integration. Ultimately, the CDI provides a founda-
tional framework for identifying where car-reduction
strategies are currently viable and where massive in-
frastructure investment is a prerequisite for social

equity.
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Border E ects

Every city in this work is de ned through its administrative boundaries. However, people residing in hexagons
near the boundary should be expected to be able to access POls that are outside the city. Not considering
the latter might therefore arti cially lower the opportunity scores of peripheral areas. On the other hand, it

is often not possible to reliably obtain interurban public transport schedules. In this section we consider the
example of Paris, for which schedules outside the administrative boundaries are available, to show that the
e ect is small and does not qualitatively change our assessment of the city’s accessibility patterns.

We recomputed the metrics for Paris by using the much larger OECD urban core city limits, removed all
hexagons that are outside the administrative boundary, and nally compared the results with the ones shown
in the main paper. For the sake of readability, we use \open" and \closed" to refer respectively to the two
sets of results, since in the rst case it is possible to search for POIs beyond the administrative boundaries
while in the second one it is not.

In table §7] we show Pearson’s and Spearman’s correlation coe cient between the metrics for the open
and closed city. The values in the rows labelled as \Close to Boundary" are computed only over hexagons
that are at most 350 m away from the administrative boundary. The relative ordering of CDI values changes
very little. The only large change is in the opportunity score by car. This is due to the centre of Paris being
very much a pedestrian- rst zone, so opening the border means allowing exploration of more car-friendly
areas, and the hexagons near the border end up having a higher opportunity score by car than the ones in
the centre. This e ect still leaves very high r and for the CDI, and furthermore we don’t expect to see it
in other cities.

* Corresponding author: campanelli.oruno@gmail.com



Table S1: Correlations between metrics for \open" and \closed" Paris

Metric Hexagon Set Pearson r Spearman
Opportunity Score (PT) All 0.97 0.98
Opportunity Score (Car) All 0.43 0.23

CDI All 0.87 0.94
Opportunity Score (PT) Close to Boundary 0.92 0.95
Opportunity Score (Car) Close to Boundary 0.87 0.91

CDI Close to Boundary 0.82 0.92

Accessibility metrics for all cities

Figures[S1{S6é show the accessibility metrics at the local level for all cities in our samples: car dependency

index ( gures 51 and[S2), opportunity score by public transport ( gures §3 and[S4) and opportunity score
by car (gures 55 and|[S§).

Comparison of di erent utility functions

In Figures [S7,[S8 and SP, we check if any noticeable di erence make the Car Dependency Index dependent
on the chosen function by comparing di erent utility functions used in the computation of the opportunity
scores. We test the di erences on Paris using exponential, power law, and step function decays, with di erent
parameters. For opportunity scores for public transport and car, the Spearman rank correlation between any
pair of metric is never lower than 0.94. The resulting rankings of CDI scores are also very much metric-
independent, as the lowest Spearman coe cient is 0.92. Some inevitable outliers are present, mostly due to
car dependent places that have services at speci c distances.

Comparison of di erent parking times

In Figure [S1Q, we compare dierent choices of parking times for Paris. The opportunity score by car is

correlated with the chosen duration of the parking time and the time is added uniformly in the city, therefore
the rankings are always identical.



Figure S1: Car Dependency Index scores for cities under study. A positive score means that a car can access
more opportunities than public transportation, vice versa for a negative score.



Figure S2: Car Dependency Index scores for cities under study. A positive score means that a car can access
more opportunities than public transportation, vice versa for a negative score.



Figure S3: Opportunity scores computed for public transportation for cities under study. Opportunity scores
measure the number of POIs of various types reachable with a journey of a reasonable time.



Figure S4: Opportunity scores computed for public transportation for cities under study. Opportunity scores
measure the number of POIs of various types reachable with a journey of a reasonable time.
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Figure S5: Opportunity scores computed for car for cities under study. Opportunity scores measure the
number of POIs of various types reachable with a journey of a reasonable time.
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Figure S6: Opportunity scores computed for car for cities under study. Opportunity scores measure the
number of POIs of various types reachable with a journey of a reasonable time.



Figure S7: Relationship between opportunity score (PT) values calculated for Paris with di erent utility
functions. Graph labels do not include normalization factors for visual clarity. H is the Heaviside function,
is Spearman’s rank correlation coe cient.



Figure S8: Relationship between opportunity score (car) values calculated for Paris with di erent utility
functions. Graph labels do not include normalization factors for visual clarity. H is the Heaviside function,
is Spearman’s rank correlation coe cient.
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Figure S9: Relationship between CDI values calculated for Paris with di erent utility functions. Graph labels
do not include normalization factors for visual clarity. H is the Heaviside function, is Spearman’s rank
correlation coe cient.
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Figure S10: Relationship between opportunity scores (car) computed for Paris with di erent parking times.
is Spearman’s rank correlation coe cient. The relationships between CDI values are not shown since CD|
is @ monotonic function of On.cor for xed O p.pr .
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