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Figure S1: Spatial distribution of home (left) and work (right) locations in Singapore. Note that the distribution of home
locations was verified using census data available in Singapore.
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Figure S2: Distribution of travel distances between home and work locations (calculated as simple Euclidean distances).
The mean distance is 8.4 km, the median distance is 7.2 km.

Commute timings

Transit-based commute times model: For every user in the dataset, a random time for going to work is selected from the
distribution of transit usage data displayed in Fig. S4. Similarly, a random time is selected for going home after work.
These random times are constrained between a realistic “commute window” in this case as well, which we select to include
the distinctive main peaks of commuting behavior in the data: these are between 6am and 9am for the morning commute
and between 5pm and 8pm for the afternoon commute. These are represented by the shaded areas in Fig. S4.

A realistic estimate on when people travel to work or home can have a significant impact on the shareability. While
there was a lot of previous work on estimating commutes from mobile phone data as well, we now use a separate, one
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Figure S3: Distribution of travel times for commuters. On the left, the distribution of travel times from work to
home is displayed; on the right, the distribution of travel times from work to home. The mean of the distributions is
1199 s and 1027 s respectively, while the median is 1090 s and 983 s.
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Figure S4: Temporal distribution of transit usage. Transit trip start times on an average weekday are displayed.
The shaded regions are used in estimating commute start times when validating some of our findings later.

week dataset of public transportation records supplied by Singapore’s Land Transportation Authority (LTA) to estimate
the typical times of day people travel to work and back home. While having the obvious drawback that it requires the
assumption that the habits of people using transit and commuting by cars are similar, this method presents an easier and
possibly more reliable picture than trying to find individual trips in the mobile phone data. On the other hand, using
average commuting times also neglects any possible systematic variation in commute times which might further a�ect the
results. The distribution of trip start times is displayed in Fig. S4.

Varying simulation length, imposing a strict maximum limit on parking

So far, the results we presented were obtained after running the simulation for 30 days in a row to account for daily
stochastic di�erences in commute patterns. Now, in Fig. S5, we present a case when we run the simulation for longer time
intervals. We present results for the cumulative number of parking spots required as a function of time the simulation is
run. We see that there is a small but steady increase in the shared or self-driving scenario (#3 and #4), showing resulting
configurations after a day are typically inadequate for satisfying the mobility demand on the next day. This raises the
question about what is a realistic number of vehicles that we can expect to cope with the long-term mobility demand.
We can consider two possible ways to solve the problem of apparent increasing demand in parking as simulation time
progresses. One is the obvious possibility of implementing some rebalancing; while this can present a significant cost for
operators of car-sharing systems (i.e. scenario #3), in the case of self-driving cars (scenario #4), rebalancing will require
only minimal costs; we emphasize that all our results were obtained without including rebalancing.

On the other hand, in the case of self-driving, we can simply further relax the strict requirement that cars should not
travel more than r

max

without a passenger. We note that the r

max

limit is actually a technical part in our simulation
which allows us to evaluate how many parking spots to “add” to the city. In a realistic scenario however, any request by a
user would be serviced by the closest car, regardless of the actual distance. While in the case of car-sharing, not having a

2
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Figure S5: Parking spaces needed to meet the mobility demand as a function of the number of days we run the simulation.
We see that the number of parking spaces quickly saturates in the case of private cars, meaning that we can easily account
for the stochastic nature of our simulation. In the case of shared vehicles, the number of parking spaces keeps growing,
albeit at a slow rate; this implies that we do not reach a stable configuration of cars and in a real system some rebalancing
might be necessary.
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Figure S6: Distribution of distances between trip start and end locations and parking locations. For conventional vehicles,
this corresponds to the distance users need to walk, while for AVs, this is the extra distance the vehicle has to travel
without a passenger. The left panel displays individual frequencies (binned in 1 m intervals), while the right panel displays
the complementer cumulative distribution, i.e. the number of cases where a passenger has to walk at least the distance
shown on the x-axis. Note that the y-axis is logarithmic in both panels. The large majority of trips only requires very
short extra distances, while there is a small share requiring walking / extra travel up to the limit rmax.

car or parking spot available under r

max

will result in a user having to walk an excess distance and thus will lead to a high
level of user dissatisfaction, in the case of self-driving cars, having a car further than r

max

will only result in a slightly
increased waiting time for the user in question, which will have a much less e�ect on user satisfaction with the service
(given that it happens rarely). With this in mind, we also implemented a modified version of our simulation algorithm
(Algorithm 2 in the main text). In this case, we limit the maximum number of parking spaces to a predetermined amount.
After this limit has been reached, the closest car or parking space is selected regardless of the distance to the destination
and thus no new parking is added to the system. In this case, the r

max

parameter is not a direct determinant of the
functioning of the system but a parameter which a�ects the process of how we distribute the available parking spaces in
the city. To accommodate this change, we run the simulation with di�erent r

max

values for each limit value we select
for parking spaces and select the r

max

which minimizes the extra distance traveled in practice. As seen in Fig. 6 in the
main text, results obtained this way show a good agreement with the results of the original simulation methodology. This
allows us to accept the results presented in Fig. 6 as a good approximation for the trade-o� between reduced parking and
extra tra�c.
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Walking distances

While the rmax distance acts as an upper bound for the distance passengers have to walk (in scenarios #2 and #3) or
AVs have to travel without a passenger before the start or after the end of the trip, actual distances will be typically lower
as we always select the closest available vehicles or parking. In Fig. S6, we present the distribution of actual distances of
the vehicles used to the trip origin and parking spot to trip destination for several di�erent values of rmax in the case of
private vehicles (scenario #2) and shared vehicles (either scenario #3 or #4). We see that a large share of trips involves
significantly less walking / extra travel than the rmax upper bound. Nevertheless, a non-negligible amount of trips has
extra travel close to rmax. In the case of conventional vehicles (either scenario #2 or #3) where this is a walking distance,
this makes it reasonable to limit rmax to small values.

Statistical variation in results

All simulations in the current work involve randomness as the timing of trips are randomly generated. To characterize
the extent this a�ects the results, we repeated all simulation runs 100 times and calculated relevant statistics on the
results. Generally we find that variations can be well characterized by a normal distribution and the standard deviations
are very small compared to the mean values (less than 1% in all cases). We further carried out a Shapiro-Wilk test for
normally distributed values and found that a null hypothesis for normal distribution cannot be rejected in almost all
cases; the number of cases having low p-values is consistent with the large number of total parameter tests, meaning that
these could occur randomly. This way, we conclude that an assumption of normally distributed results is reasonable.
In Table S1 (available as separate download), we display results for all parameter combinations tested together with
standard deviations, Shapiro-Wilk test statistics and p-values. In Fig. S7 we display the distribution of result values
for the case of shared cars, tW = 1 hour and r

max

= 500 m as an example of typical cases. Furthermore, to visually
assess di�erence from a normal distribution in some of the worst cases, in Fig. S8, we display the distributions with the
two lowest p-values. We see that the di�erence is not systematic and there are no significant outliers in these cases as
well. This way, we believe that using the mean and the standard deviation to characterize the results is reasonable. In
Fig. S9, we display the cumulative distribution of the p-values obtained in the di�erent test cases. We see that these are
relatively evenly distributed in the [0, 1] interval, supporting that these are obtained with a random process. We note
that in total we had results for 196 di�erent parameter combinations for NC , in 316 parameter combinations for NP and
in 321 di�erent parameter combinations for dtot. This is the number of Shapiro-Wilk tests carried out and the number
of di�erent p-values obtained as well. In this case, finding the low p-values can be attributed to randomness as well, thus
we believe our choice of modeling the results with normal distributions is reasonable.
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Figure S7: Distribution of results obtained from individual runs with di�erent random trip start times. Example em-
pirical cumulative distribution for shared vehicles (scenario #3 / #4) and parameters tW = 1 hour and r

max

= 500 m is
displayed for the number of cars (NC , top left panel), number of parking spaces (NP , top right panel) and extra travel
distance (bottom panel). In all cases, all 100 simulation result values in the empirical distribution fall close to the mean
(standard deviations are < 0.04% for the number of cars and parking and ≥ 0.3% for the extra travel distance). The
empirical distribution is well approximated with a normal distribution in all cases. The respective normal distributions
(i.e. distributions with the same mean and standard deviation as the empirical ones) are shown for comparison as well.
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Figure S8: Illustration of the distribution of result values for the two “worst” cases, i.e. where the resulting p-values would
indicate rejecting a normal distribution. Note that distributions are still relatively close to a normal distribution and the
di�erences are mainly in the shape, without significant outliers. This way, using the mean value as an estimate of result
is still justified.
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Figure S9: Distribution of p-values resulting from all Shapiro-Wilk tests carried out for all di�erent combinations of
parameter values. We note that these are quite evenly distributed, thus the lower p-values are likely the result of random
variation as well.
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