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Abstract

Peer-to-peer ridesharing is a recently emerging travel alternative that can help accommodate the
growth in urban travel demand and at the same time alleviate problems such as excessive vehicular
emissions. Prior ridesharing projects suggest that the demand for ridesharing is usually shifted
from transit, while its true benefits are realized when the demand shifts from single-occupancy
vehicles. This paper studies the potential of shifting demand from private autos to transit by
providing a general modeling framework that finds routs for private vehicle users that are a
combination of peer-to-peer (P2P) ridesharing and transit.

The Los Angeles Metro red line is considered for a case study, since it has recently shown declining
ridership trends. For successful implementation of a ridesharing system, strategically selecting
locations for individuals to get on/off rideshare vehicles is crucial, along with an appropriate
pricing structure for rides. A parametric study of the application of real-time P2P ridesharing to
feed the LA Metro red line using simulated demand is conducted. A mobile application with an
innovative ride-matching algorithm is developed as a decision support tool that suggests transit-
rideshare and rideshare routes.

INTRODUCTION

One of the main issues faced by major cities in the US today is congestion. In addition to directly
impacting travelers by increasing travel time and reducing travel time reliability, congestion leads
to higher levels of Green House Gas (GHG) emissions which are damaging to people's health and
the environment. One of the solutions as to how to reduce congestion is to eliminate vehicles from
roads by putting individuals who are traveling along the same routes in the same vehicles.
Although carpooling has been around since the invention of cars, the nature of carpooling, which
requires making arrangements in advance of the travel and committing to those arrangements for
a period of time, makes it unattractive to many individuals. Dynamic ridesharing is a modernized
form of carpooling that is on-demand, requires only a one-time commitment, and does not require
making arrangements far in advance of the trip.

In recent years, ridesharing (including carpooling) in the US has experienced a slight increase in
mode share, reaching a mode share of 11% in 2008 (1). Although this increase in ridesharing
demand seems to be a step forward in the direction of a greener transportation system, this is not
necessarily the case. The modal shift due to the introduction of ridesharing is as important. The
benefits of ridesharing depend tremendously on this model shift. The benefits would be high in
terms of reducing congestion and GHG emissions if the demand is shifted from single-occupancy
vehicles to rideshare systems, but may not be significant if the ridesharing demand is being shifted
from transit. In addition, introduction of ridesharing can lead to emergence of more complex multi-
modal alternatives, such as the transit-rideshare mode.

Study of government-funded ridesharing systems indicates that ridesharing systems, as they work
today, are competitive to transit systems (2, 3). The goal of this study is to assess the potential of
ridesharing in being a complement to transit, feeding it, instead of shifting demand away from it.
We analyze the potential of such multi-modal travel using a parametric study with simulated
demand based on the current Southern California Assosiation of Governments (SCAG) model of
a selected area (Los Angeles Metro red Line catchment area), and develop an app using an



advanced ride-matching algorithm. As a side benefit, this study also sheds light on the potential
of ridesharing as a stand-alone mode to replace transit.

The reason why we consider the LA Metro red line (Figure 1(a)) to study potential rideshare-based
demand augmentation is the noticeable reduction of ridership (shown in Figure 1(b)) in recent
years. This indicates potential opportunities for additional demand-inducement strategies using

rideshare options.
m Red/Purple Line
® Blue Line
m Green Line
| Gold Line

\\q Q\q‘ f\Q\b‘ qQ\j
\.N&;c N\%‘c \NA(E. ‘m‘u ‘J\%‘c

Millions
IS [0} a

N

Total Calender Month Boarding
w

[y

0

o N
(@) Los Angeles Metro Red line (b) Ridership trends in LA metro
FIGURE 1 Case study area: Los Angeles metro red line

The success of a multi-modal transit-rideshare system can be considerably influenced by the
architecture of the designed system, namely locations where the ridesharing service is offered,
price of ridesharing, and the matching method used by the system. In this study, we elaborate on
this system architecture, and showcase the impact of such targeted architecture on transit ridership
augmentation for the LA Metro red line.

LITERATURE REVIEW

Mobility options in urban areas have been traditionally duopolized by the private and public
sectors. It has only been in recent years that public-private partnerships have started receiving
attention. These new partnerships have emerged in light of the fact that there exist a wide spectrum
of previously-neglected transportation options in between the fixed, inexpensive, and high-
capacity public transportation option and the flexible, expensive, and low-capacity private sector
option. Designing services that fall somewhere in the middle ranges of this spectrum calls for
public-private partnerships, and is the key to offering flexible and yet relatively inexpensive
transportation alternatives.

An example of this public-private partnership is Massachusetts Bay Transportation Authority's
(MBTA's) use of taxis to connect individuals with disabilities to the transit lines in a pilot program
(4). Another example is Car2Work, an innovative shared mobility concept that connects
commuters to transit, introduced by Regue et al. (5). This model is motivated by Zev.Net, a limited
shared-mobility deployment project launched collaboratively by University of California Irvine
and Toyota Motor Sales in 2002.



Ride-hailing companies have also started building relationships with the public sector in recent
years, and are expected to engage in more mutually beneficial arrangements with transit agencies
in the future. Uber is one of the ride-hailing companies who has started making partnerships with
public transportation agencies throughout the US in an attempt to fill the gap in their transit
networks. Among other partnerships, Uber is currently working to address the first-mile, last-mile
problem faced by DART riders in Dallas and MARTA riders in Atlanta (6). Lyft is another ride-
hailing company who has recently announced a partnership with San Francisco Bay area's MTC
(.

Connecting individuals to transit using other modes of transportation calls for multi-modal
matching algorithms. In a multi-modal (or multi-hop) matching algorithm, a passenger can travel
from their origin to their destination by means of transferring between different vehicles/modes of
transportation.

The first official formulation of a multi-modal passenger pick-up and delivery problem was offered
by (8). Multi-modal routing has been incorporated in dial-a-ride problems as well, albeit in very
limited settings. Studies conducted by (9), (10), and (11) showcase how devising multi-modal
routes can enhance system performance in transportation systems that deal with both people and
goods. In the context of P2P ridesharing, (12), (13), (14), and (15) have proposed optimization
formulations/algorithms to solve the multi-hop ride-matching problem.

All the mentioned multi-hop matching algorithms can be used to connect individuals to transit,
using other modes of transportation that could include ridesharing. The aforementioned
algorithms, however, are not designed for real-time use in dynamic large-scale systems. For the
purpose of this study, we use the Dynamic Programming (DP) algorithm proposed by Masoud and
Jayakrishnan in (16) to solve the multi-hop matching problem, since this algorithm demonstrates
promise in terms of scalability, and offers optimal solutions.

RIDESHARING SYSTEM

A ridesharing system comprises of a set of riders who are in need of transportation, and a set of
drivers who are willing to use the empty seats in their vehicles to carry passengers in exchange for
a monetary compensation. Let us define a set of pre-specified locations in the network, called “go-
points”, denoted by S, where individuals can start and end their trips. In addition, we define a set
of “transfer points", denoted by S, where riders can transfer between vehicles. Go- and transfer
points, along with transit stations, form the set of “stations” in our system.

Upon registering in the system, a participant (rider or driver) is asked to provide information on
their origin and destination go-points, a travel time window bounded from below by their earliest
departure time from their origin go-point and from above by their latest arrival time at their
destination go-point, and a notification deadline by which they need to be informed whether they
have been matched or not. Figure 2 demonstrates a ridesharing instance. Drivers are asked to
provide the capacity of their vehicles, and riders have the option to specify the maximum number
of transfers they are willing to make.

In this study, we consider an on-demand ridesharing system in which a rider’s arrival time at the
system and their notification deadline coincide. Once a rider registers a request, the ridesharing
system solves a matching problem that includes the rider, as well as all the drivers whose travel
time windows intersect with the travel time window of the rider. In the ridesharing instance in



Figure 2, for example, all drivers are eligible to be included in the matching problem solved for
the rider.

e = e OB
o 1
Driver 3 D x |: _|
Driver 2 Qx |: ] Space GI
0 - 0
Driver 1 QXL 7| / Q
Rider s{ ~ ‘ -»""7@
- 0 s
Time Time
(@) An example of a ridesharing instance (b) Partially fixed driver route

FIGURE 2 Ridesharing system

If a driver is matched with a rider, the part of the driver's route that is committed to the rider
becomes fixed. Other parts of the driver's route, however, are flexible and can be optimized for the
subsequent riders who join the system later. Figure 2(b) displays an example of such an instance.
The driver in this figure (shown in blue) is traveling from origin O to destination D. This driver
has been matched with a rider, but his/her route from O to 0', and from the D' to D can still be
optimized to put the driver in spatiotemporal proximity of other riders that request service at some
later point in time. In other words, this previously matched driver now enters the ride-matching
problem as three separate drivers, one that travels from O to O’, one that travels from 0’ to D', and
one that travels from D' to D. The travel time window for each of these three drivers is determined
based on the committed portion of the driver's route, and his/her original travel time window. Note
that the capacity of the vehicle going from O’ to D’ needs to be adjusted.

After determining drivers who are eligible to be included in a rider's matching problem, the system
uses the multi-hop matching algorithm in (16) to solve the matching problem, and announces to
the rider within a matter of seconds whether the rider has been matched, and the itinerary of the
rider in the case of a successful match.

THE MULTI-HOP MATCHING ALGORITHM

As mentioned previously, in this study we use the Dynamic Programming (DP) algorithm
proposed in (16). This algorithm finds a (multi-hop) path for a rider by optimally routing drivers.
Transit lines can enter the model as inflexible drivers (since their routes and schedules are fixed
and cannot be optimized).

The DP algorithm runs on a time-expanded network. By introducing stations, we are in fact
discretizing the two-dimensional continuous-space network into a set of discrete locations. In
addition, we discretize the study time horizon into a set of time intervals. We use 5-minute time
intervals in this study. In a network discretized in time and space, we denote a node n; = (t;,s;)
as a tuple of time interval and station, and a link as a tuple (¢;,s;,t;,s;). Such a link can be



interpreted as a trip that starts at go-point s; at time interval t;, and ends at go-point s; at time
interval ¢;.

For each rider, the algorithm identifies the set of links that can be traversed both by the rider and
at least one driver/transit line given the time constraints of the rider and drivers/transit lines. Figure
3 shows an example of a time-expanded network for a rider. Nodes in this figure are shown as
rectangles, and links as arcs connecting the nodes. In this example, the rider is starting his/her trip
from go-point 5, and is traveling to go-point 12. The rider's earliest departure time from the origin
go-point is the 3rd time interval, and his/her latest arrival time at the destination go-point is the
39th time interval. Drivers/transit lines that can potentially carry the rider on each link (i.e., leg of
the trip) are denoted next to the link. The goal of the DP algorithm is to find the min cost path for
the rider that connects origin O to destination D.
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FIGURE 3 Time-expanded network

The cost function we use in the DP algorithm is the sum of four components: (i) a distance-based
fare, (ii) dollar value of travel time, (iii) dollar value of additional penalty for waiting time, and
(iv) dollar value of penalty for transfers. We consider the default value of $20/hr for value of time
(VOT), $0.25/mile for distance-based fare, $1.5 fare for use of transit, $0.1 penalty for waiting for
one time interval (in addition to the value of time), and $0.1 for penalty for each transfer.
Admittedly, there could be other factors that contribute to the utility function of a rider that are not
considered in this paper, including the cost of parking and the perceived discomfort and lack of
reliability associated with not driving one's private vehicle. These factors could increase or
decrease the matching rate from the numbers reported in this paper, depending on their relative
importance to individuals.



CASE STUDY IN THE Los Angeles COUNTY

The success of a multi-modal transit-rideshare system can be considerably influenced by the
architecture of the designed system, namely locations where the ridesharing service is offered, cost
of ridesharing to consumers, and the matching method used by the system. In this section, we
elaborate on this system architecture, and showcase the impact of such a targeted architecture on
transit ridership augmentation for the LA Metro red line.

Stations

As mentioned previously, the station set is the union of go-points, transfer points, and transit
stations. Due to the large size of the network, we only consider a subset of go-points as transfer
points. We assume that each go-point belongs to a neighboring transfer point. Individuals can
travel directly between the go-points attributed to the same transfer point. However, in order to
travel between two go-points attributed to two different transfer points, an individual has to travel
between the two transfer points. Note that despite traveling between transfer points, a transfer does
not have to occur, i.e., an individual can enter and exit a transfer point in the same vehicle.

The SCAG region has a total of over 4000 TAZs that can be potential go-points. In order to identify
go-points in our model, we studied the SCAG trip tables and identified OD pairs with significant
demand levels (OD pairs with hourly trip rates higher than 10). This procedure resulted in a total
of around 1000 go-points. We limited our analysis to single-occupancy auto demand only, because
the focus of our study is to design a system that encourages modal shift from the drive-alone mode
to rideshare and rideshare-transit alternatives.

The set of transfer points is a subset of the go-points set. We identified this subset using Algorithm
1 to ensure that transfer points (i) are located closer to go-points with higher levels of demand, and
(i) are distributed in the network as evenly as possible.

Algorithm 1 starts by initializing the set of transfer points, S;, by the set of red line stations. Let us
define the set of potential transfer points as S;, and initialize this set with the set of go-points, i.e.,
all go-points are potential transfer points. Next, in an iterative process, 40 additional transfer points
were selected from the set of go-points and added to the set of transfer points. The number 40 was
selected after multiple experimentations and arriving at the conclusion that this number provided
a nice balance between the number of transfer points (too many transfer points increase the
complexity of the problem), and the degree of network coverage (too few transfer points can cause
insufficient network coverage) in our study area.

In each iteration, the algorithm selects a single go-point with the lowest total person-miles required
for travel from the rest of the go-points in set S; . The selected go-point requires the least effort
from individuals to arrive at it, in order to make a transfer, and therefore is set as a transfer point.
In order to ensure that transfer points are not too close to each other and are well-spread throughout
the network, the algorithm then eliminates from set S, the go-points within a 4 miles radius of this
recently selected transfer point. The algorithm then moves forward to the next iteration, where the
next transfer point is selected. The algorithm stops when set S becomes empty, or the limit of 40
transfer points (besides the red line stations) is reached. Figure 4 displays the three sets of stations
in the LA network.



o o °
| °
O o0 100 0= -0 PP
o o ° 0800
o ©00 o O 903000 L
© 000000, £905 0 o /4000 2N0NL
o . %005 oo o
o o o o o o ]
o ue B RN T hace Ny |
o © 00 0 o0 ° 8, o o
9N So® | °00°°0°%5.% o o
° °
SR o S 000% B9800 0 10 ® o
o
© o o ° 00°°°°ooo°g°.°g°°o 0 6000 o
o 010 °
o 0, ©
O L ] Poio o o BEHICHGTE 6000 0.0°0°6 15
° o o 9
@2 o0 %l o o@o & o
°
s %o 9 9,00 0%0. o oo
o o o o ] o° o 000 0 0 00:2.0F,
° ° ° ° o °
o o o o]
o2 o STECE ofi o o gy sRGattebo °f
°
000080"% ogg% oo. g°o°‘6°<>00°° o
o 00,0 * 5 °p
o o0 O 90800 © 00 %0 R0 o S o
) 877 %2 o °
5 i 0000000000008*%000 Dig.0.0 6497 5% @
o o 850308 foo o’ I Werongye o D ool
°°°o°d3'oo°°°°° $160 Co preey,gerd | g to
o0 o
00 ¢ 03%%®, 0000 @ RoNEpTS, ok ] o
6.9 % 2oy Y Mo, 9l %
o ° 0.900 o
oS Potpdm R ST T o, g e
O MQMICOE o™ 502 o ooo.ooo 0 8iiog WS
o0 W o 0% 0 o To o 8. o °c @
X o E0 ey 000 pe > & 050925
e, 0o 00 o o & o o
% o, ° o bo ° o
og'o o o_ 0% O o200 J%; °
o @ L 0 amo _Boa. o % gl Qs 0
o 0 0o o SLOIEFNIg.g) Co S
o o o o0 O ° o00° o
1] o o0 °
° ° o
o Mo °0 00 o
o o 5 °
%o o
0l2.0 o Pib ¢ 8y, Ko
S oo Bon 2 @,
0" {6 4" j1n M 0.0 O'dp
o S 09 o o of g
°o %\ oo ofgsns > oy
g o o o o °
@ (UoE CAB I O i
°
b © blo Wo® | o Senonen
2 TR BT
o oy Gl =i o
oo
° Ot o4 | O HiSKkBwEo® I
° o o © f
° o °
S ® oo ° (
°
g o o oo |
Qg °
o 00 05
o 3 ol georg. ot
0,000 O 2 /
@ o000 S 2 Y
©o. {
ooooooooo oo\\
00000 \
o & )
° |

@ Transfer points
Yo Red line stations

O Go-points
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ALGORITHM 1 Identifying transfer stations

St = Sg
S¢ =S¢ \ Sr
For s € Sy
del ={k€S;: dsp <
Sec = Sg\del
End For
Set Done « 0
Fort = 40
While Done = 0
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NS = argmin; g {wis, di2}
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End If
End For
End While
End For
* 1 w; ¢ travel demand from station i to station s
* 2 d; ¢ travel distance from station i to station s




Link Sets

We introduce three families of link sets that connect different types of stations (i.e., go-points,
transfer points, and red line stations). The first link set, displayed in Figure 5(a), connects transfer
points to each other. The second link set, displayed in Figure 5(b), connects go-points to their
corresponding transfer points. Figure 5(c) demonstrates the third link set, which connects the red
line stations to their nearby go-points. This link set connects each of the go-points confined within
a 2.5 mile radius of at least one of the red line stations to all the red line stations located within
their 2.5 miles radius. Notice that we do not generate any ridesharing links that connect red line
stations to each other, or to their nearby go-points, in order to have the itineraries use transit
whenever possible, and achieve our goal of using ridesharing to feed transit, and not to replace it.
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Each go-point in the network is connected to at least one transfer point (link sets 2 and 3). In
addition, all transfer points are connected to each other (link set 1). This indicates that there is a
path between any two go-points in the network. Link set 2 indicates that the shortest path of a rider
traveling between two go-points (that are not within a 2.5 miles radius of the red line) includes
traveling to the transfer point corresponding to the origin go-point, from there to the transfer point
corresponding to the destination go-point, and finally to the destination go-point itself.
Furthermore, since all the go-points corresponding to the same transfer point are connected to each
other, if a rider needs to make a short trip between two such go-points, no transfers are required.
For practical reasons, it is assumed that transfers for trips that originate from or are destined to go-
points within a 2.5 mile radius of the red line stations are limited to the metro red line stations
only. Link set 3 connects such go-points to the red line stations directly.

Results

In this section, we study the modal shift from drive-alone to rideshare and rideshare-transit
alternatives using simulations, and report on some of the features of the system. Simulations are
conducted for the morning peak hour in LA. Origin-destination trip tables used in these simulations
are obtained from the SCAG planning model, and spread throughout the three-hour morning peak
period based on a uniform distribution.

For each simulation run, we randomly select our set of riders and drivers. In all simulation runs,
we use 1,000 riders, but change the number of drivers from 1,000 to 160,000 in order to study the
impact of the rider to driver ratio on the matching rate. We assume each vehicle has the capacity
to carry 4 passengers, and do not a set a limit on the number of transfers. In addition, we assume
that maximum ride times for participants are 20% higher than their shortest path travel times.

Matching Rate

In order to study the impact of the number of drivers on the matching rate, we ran a set of
simulations, starting with the same number of riders and drivers (1000), and increasing the number
of drivers to perform sensitivity analysis on increasing the supply level on the matching rate. The
resulting matching rates are displayed in Figure 6. It is not an unrealistic assumption to presume
that at least initially individuals might not be looking forward to leaving their vehicles behind and
traveling with others as riders. However, participating in a ridesharing system as a driver is much
more convenient, as drivers just need to register their trips (and may set a default time window so
that they only need to login into the system when their regular daily schedules change). Hence, in
these simulations, we study the impact of having more drivers participate in the system.

Figure 6(a) displays the percentage of served riders as a function of number of drivers. As intuition
suggests, this percentage increases with the number of drivers. Percentage of served riders,
however, grows with the number of drivers at a rate slower than linear. For example, with a 5,000
unit increase in the number of drivers (going from 5,000 to 10,000 drivers), we witness a 20%
increase in the percentage of served riders. However, in order to experience another 20% increase
in the percentage of served riders, we have to have a 10,000 unit increase in the number drivers
(going from 10,000 to 20,000 drivers).

Figure 6(b) displays the number of served riders and matched drivers as a function of the number
of drivers in the system. This figure sheds light on the performance of the system under different
levels of supply (i.e., number of drivers). When the number of drivers is at its lowest, the number
of served riders is about the same as the number of matched drivers, implying that most trips are
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being served without transfers. (This conclusion is confirmed by looking at the number of transfers
for each level of supply in Figure 7, as we will discuss in the following section.) At low levels of
supply, the number of drivers is too small for multi-hop routes to be formed for riders. Up to a
certain level (20,000 drivers), the difference between the number of matched riders and drivers
(i.e., the horizontal distance between the two curves in Figure 6(b)) keeps increasing. Finally, when
the supply level becomes large, and most of the demand is being served, there is no need for more
costly multi-hop routes anymore, and the number of matched riders and drivers start to converge
again.
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FIGURE 6 Matching rate as a function of the number of drivers

Number of transfers

Figure 7(a) demonstrates the number of transfers under different levels of supply. The number of
transfers reported includes transfers between rideshare vehicles, or between rideshare and transit
vehicles. This figure suggests that when the number of drivers is too low or too high, transfers are
very limited, and most riders can be served with zero transfers (Figure7(b)). However, more
transfers are required in the middle ranges.

As discussed in the previous section, at very low supply levels, there are not enough drivers in the
system to form multi-hop routes, and at very high supply levels almost all ride requests can be
served without any transfers, and therefore an overwhelming number of trips end up being single-
hop. In the middle ranges, however, transfers are necessary to obtain higher matching rates. Figure
7 suggests that even in the middle ranges most riders experience zero transfers, with a few
percentage experiencing 1 transfer. The maximum number of transfers ever witnessed was 4.
Figure 7(c) displays the most frequently used transfer points. This figure has been generated based
on the simulation results for a ridesharing system with 20,000 drivers, since such a system was
shown to have the highest number of transfers. This figure suggests that the most important transfer
points coincide with some of the red line stations, which implies good decision making in
determining the station locations by LA Metro. This figure can also be a guide in revising the
transfer points in our models in the future studies.
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(c) Most frequently-used transfer points
FIGURE 7 Transfers

Vehicle Occupancy

Figure 8(a) shows the average vehicle occupancy as a function of the supply level. This figure
suggests that the average occupancy of vehicles decreases as the number of drivers in the system
increases, which is intuitive, since at lower levels of supply riders are more probable to share the
limited resources. The maximum vehicle occupancy, however, follows the previously observed
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trend of initially experiencing a rise, followed by a decline. Notice that the minimum vehicle
occupancy is always higher than 2, since each matched driver carries at least one rider.
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FIGURE 8 Results of LA experiments

VMT Savings

Figure 8(b) displays the system-wide savings in vehicles miles traveled in the system under
different levels of supply. Under lower levels of supply, where the matching rate is small, so are
the VMT savings. VMT savings experience significant increase as the matching rate increases.
However, at higher levels of supply, since drivers are abundant, vehicle occupancies drop (Figure
8(a)), and consequently VMT savings experience a slight decline. In general, the analyses
conducted in this section suggest that with number of drivers falling in the range between 5,000
and 20,000, the system performance reaches its peak in terms of making the best use of resources.

Budget Balancedness

In this section, we look into the circumstances under which the ridesharing system can be budget
balanced, and operate without need for outside subsidies. We assume that the system charges a
distance-based fare to riders. From this total income, the system pays 56 cents to drivers for every
additional mile they have to travel (compared to their shortest paths), and then distributes the rest
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of the income to drivers on a per-mile basis for the duration of their trips where they have been
transporting passengers.

Figure 8(c) shows the remaining budget after paying drivers for their additional idle travels. This
figure displays the results of three simulation runs, with 10,000 drivers, and varying per-mile fares
charged to riders. Results show that when riders are charged very little (10 cents per mile), the
system will encounter a deficit. Per-mile fares of 25 and 40 cents, however, lead to some positive
income, which can then be distributed to drivers based on their contribution to the system. Figure
8(c) indicates that when riders are charged 25 cents per mile, drivers can get paid 10 cents per
mile, and when riders are charged 45 cents per mile, drivers can get paid 27 per mile. Under such
circumstances, the system is budget balanced and does not require subsidies.

The Rideshare-Transit Alternative

Figure 8(d) shows the percentage of riders who use the transit-rideshare option, under different
values for value of time (VOT), and distance-based fares. This figure shows that, as intuition
suggests, use of transit increases with the distance-based fare (under all VOT values), since the
transit fare is fixed. This figure also suggests that use of transit increases with VOT, which is
expected, since the LA metro red line has a higher speed compared to the neighboring street
network.

Although at first glance it might seem like the percentage of individuals using ridesharing as a
means to connect to transit is not significant, it should be noted that the trip tables used for
simulations are single-occupancy trip tables, and the individuals using the transit-rideshare option
are actually increasing the current level of transit ridership. Furthermore, keep in mind that having
as little as 1% of single-occupancy vehicles switch to transit would translate to a considerable
increase in transit ridership. According to SCAG trip tables, about 1,000,000 single occupancy
vehicles travel during the morning peak hours in LA County and within our study area in a working
day. This adds up to a total of about 10,000 additional trips, just by the Metro red line, assuming
that 1% of these single-occupancy trips will switch to the transit-rideshare alternative. This number
of trips distributed evenly between the roughly 50 Metro lines running during the morning peak
hours adds 200 passengers to each train.

Conclusion

In this paper, we proposed a system architecture that included strategically selecting a set of go-
points for ridesharing, and a pricing scheme, to promote ridesharing as a solution for the first-mile,
last-mile problem faced by the LA Metro red line. We showed that there exists a range of distance-
based ridesharing fares for which people would prefer ridesharing to driving alone. Although the
focus of the study and the drawn conclusions were centered on the role of ridesharing as a
complement to transit, by selecting a study area that spreads way beyond the LA Metro red line,
we were able to peak at the potential of ridesharing as a stand-alone mode as well.

The Los Angeles case study also provides insights on the pricing of ridesharing systems, and
demonstrates how appropriate pricing levels could vary from region to region depending on the
residents' financial welfare and their distribution of value of time. Furthermore, this study
investigates under what levels of fares a ridesharing system can be budget-balanced, and operate
without need for subsidies.
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This study provides insights on the performance of the system under different levels of supply.
Although it might seem counter-intuitive at first glance, for a fixed number of trip requests, there
is an optimal range for the number of drivers that leads to the highest performance levels. Going
beyond this range does not improve the matching rate, but deteriorates sustainability-related
indices such as total vehicles miles traveled.

In conclusion, this study demonstrates that if implemented correctly, a ridesharing system can in
fact act as a feeder to public transportation, and hence bring about a greener transportation system
and a less congested network, especially in urban settings.
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