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Introduction and Background
A vehicle‐centric system and low average vehicle occupancies significantly contribute to traffic
congestion and pollution in many urban areas (Schrank et al., 2015; Davis et al., 2016).
Consequently, private vehicles generate the largest share of greenhouse gas (GHG) emissions in
the transportation sector (Edenhofer et al., 2014). For many years, transportation engineers,
planners, academics and public agencies have tried to address this issue by developing a number
of strategies from infrastructure to demand management. In most cases, the priority is to
promote active modes and public transit, and increase vehicle occupancy.
Recently, the advent of pooled ridesharing services provides an opportunity to mitigate the
impacts of low occupancy rates, and the revolution brought about by these new service providers
seems to be able to overcome the limitations of decade long pool‐type strategy efforts. However,
the ideals have not fully materialized and there is a general lack of research regarding their
effectiveness.
Ridesharing refers to a transportation mode in which people having similar travel itineraries and
schedules share a vehicle for a trip and possibly split the associated costs. Technology and the
shared economy have enabled these services with real‐time matching of on‐demand requests to
drivers. In many cases, these services have become an additional travel option with no significant
improvements on vehicle miles/hours traveled (VMT/VHT). Some studies even show evidence of
transit demand going to these services (Rayle et al., 2016; Clewlow and Mishra, 2017; Henao,
2017; Alemi et al., 2018). This unintended consequence has important implications, as it affects
the transportation system, in general and public transit, in particular.
Nevertheless, there is still a great deal of interest about the potential of these services to improve
the system. There are a number of urban and rural regions in the U.S. studying and pilot testing
the integration of these services in the multi‐modal transport system, specifically as part of
transit access systems. These studies are trying to determine the feasibility and impacts through
partnerships between the agencies and shared mobility providers.
This project builds on previous work (Jaller et al., 2018) evaluating the benefits of a first mile
transit access program using shared mobility services, focusing on the potential demand shifts
from drive alone mode to this program. Specifically, the program is a combination of ridesharing
and pooling where individuals walk to a mutual pick‐up and drop‐off (PUDO) meeting point and
pool the ride to the transit station.
The authors expanded the previously developed simulation and optimization framework to
evaluate the program, and assess the health impacts. Similarly, the authors conduct a case study
in the San Francisco Bay Area. In general, the new framework has four main components. The
first component includes a macro‐simulation of long‐ and short‐term travel decisions using the
Metropolitan Transportation Council Activity‐based Travel Model One (MTC‐ABM). The second
is an optimization tool that identifies the PUDOs and allocates the demand. The third uses the
Multi‐Agent Transport Simulation (MATSIM) model to simulate the movements from origins to
PUDOs, and then to BART stations. Finally, the framework uses the Integrated and Health Impacts
Model (ITHIM) to estimate system‐level health impacts.
This study focuses on work and shopping related trips in the study area for specific simulation
time periods. Each of the framework components offers insights into the potential demand for

the integrated first mile transit service. The results show that while there could be a modest shift
to the service, especially from drive alone users, still the impacts are very small, which translates
into almost negligible health impacts. Nevertheless, there could be localized health and emission
impact reductions.
The report is organized as follows. Section 2 provides a succinct literature review on the different
methodologies used to model shared mobility services. Section 3 describes the framework and
data. Section 4 discusses the results of the various analyses. The report ends with a summary of
key findings.

Background and Literature Review
Transit agencies have long realized the efficiency and effectiveness of conventional fixed‐route
fixed‐schedule services in dense urban areas; however, these services are very expensive and
inefficient in less dense and suburban areas. Feeder systems and other strategies (e.g., Park‐and‐
Ride) have tried to address the gap for first and last mile access. Park‐and‐ride and other parking
structures, for instance, are very expensive and usually only provides a temporary solution as
capacity is quickly overrun.
In this sense, the advent of shared mobility services offers a new alternative, and agencies
throughout the country are exploring the integrated services (ridesharing and transit) for the first
and last mile; though with mixed results. In some cases, the private business efforts have not
been able to foster user participation in shared services (while they have been very effective at
attracting “single1” users). In other cases, the integration may add constraints of the transit
service to the equation.
Alemi and Rodier (2018) evaluated the potential demand for the San Francisco and compared
simulated travel times (from MTC‐ABM) with those reported by real‐time mapping services, and
shared mobility service providers. Other authors have studied the relationship between shared
services and transit, and the use of autonomous vehicles as part of the system (Cervero, 2001;
Martin and Shaheen, 2014; Hoffmann et al., 2016; Rodier et al., 2016; Bischoff et al., 2017a). The
literature discussed here focuses on shared mobility (ridesharing specifically) and optimization
methods to address the problem. While there is a vast literature on transit network design, it is
out of the scope of this project.
Related to ridesharing, most of the studies evaluate decentralized door‐to‐door services. Agatz
et al. (2011) developed an integer programming optimization model to deal with a single rider
dynamic ridesharing problem with a rolling time horizon where each participant had a time
window and announcement lead‐time. Riders own a car and are interested in round‐trips. The
proposed optimization approach increased the matching rate, and led to larger system wide VMT
savings compared to a simple greedy algorithm. The approach showed that dynamic ride sharing
has the potential to be successful in urbanized areas even with low participation rates. Later,
Agatz et al. (2012) conducted a comprehensive literature review on dynamic ridesharing
optimization methodologies. Similarly, Furuhata et al. (2013) studied different types of
ridesharing and discussed their characteristics, challenges and opportunities. Several other
studies have developed models and algorithms for the ridesharing problem under different
assumptions (Santos and Santos, 2015; Meng et al., 2016).
Thaithatkul et al. (2016) studied ridesharing considering passenger’s preferences, between
ridesharing and drive alone for single occupancy vehicles. It has a two‐step time horizon
framework that uses a travel utility function to match users based on their preferences. Applying
the model to a randomly generated dataset showed an average cost reduction of 45%, but did
not reduce waiting times from the base case
Stiglic et al. (2016) studied matching flexibility, detour flexibility, and scheduling flexibility, on a
single‐driver, single‐rider ride‐sharing system. The objective of the work was to design incentives
programs based on user’s flexibility. It assumed deterministic and static supply and demand
1

Here “single” includes an individual or groups already traveling together.

patterns. The model should establish the matching before a driver’s departure time. Feasible
matches are those in which the difference between the joint individual direct distance and the
total distance of the driver is positive. The major finding was that moderate levels of matching
flexibility, particularly from driver side, is necessary for ridesharing to work effectively even at
high participation rates. Alonso‐Mora et al. (2017) solved a dynamic high‐capacity ridesharing
problem applicable to shared autonomous vehicle fleets, and tested the proposed model using
taxi data from New York City. The results showed that shared services could reduce the trips by
77%.
About the specific topic of this project, Stiglic et al. (2018) addressed the problem of integrating
a ridesharing service with public transit. They implemented a proposed model to a hypothetical
network considering a set of different types of public transit systems (e.g., commuter rail and
urban rapid transit). Their work assumes ridesharing activities, but not necessarily a ridesharing
service. They concluded the integrated mode could increase the matching and reduce detour
distances, particularly if the driver also uses the transit, or if the driver is willing to service more
than one rider.
These works have used different types of optimization concepts and methods. Considering the
scope of the proposed simulation framework, this study focuses on approximation techniques
that could bridge the different types of simulation (large‐scale activity based‐ and agent‐based
modeling). Some of these techniques fall under continuous approximation models, which have
been extensively used in transportation, especially for facility location problems. For instance, Li
and Ouyang (2010) modeled a reliable location problem where facilities can fail using continuous
approximation. The objective of the work was to minimize the total cost including the fixed
facility opening cost, penalty cost for rejected customers and transportation cost for served ones,
under the disruption scenarios. Jaller (2011) also used continuous approximation techniques to
identify the optimal location of distribution facilities where individuals had to walk to access the
goods provided. The model estimates the number of facilities, their capacity, and distribution
strategy minimizing total social costs, which include both logistics and external costs.
Similarly, Yushimito et al. (2012) solved a non‐capacitated facility location problem considering a
continuous demand function. The authors developed Voronoi‐based heuristic and evaluated
different sampling methods to improve the algorithm accuracy.
Tsao et al. (2012) developed an integrated facility‐inventory allocation problem minimizing total
transportation and inventory costs. They used a two‐stage continuous approximation technique,
and estimated distances in Euclidean norms using Daganzo and Newell (1986) approximations.
Another application of continuous approximation include Huang et al. (2013)’s work on the
vehicle routing problem. They approximate travel time for each vehicle using a slow varying
demand density function and distances. They compared their approximate model with other
routine techniques, and showed their benefits.
Finally, the authors present preliminary findings from this project in Jaller et al. (2019).

Methods and Data
As mentioned before, the updated proposed framework has four main components: 1) Macro‐
simulation of travel decisions using the MTC‐ABM Model One; 2) continuous location‐allocation
optimization model to find the optimal PUDOs; 3) agent‐based analysis using MATSIM model;
and 4) health impacts through ITHIM. FIGURE 1 shows the diagram of the framework.

Macro‐Simulation (Activity‐Based) and Scenario Analysis
This component analyzes the mode and destination choice models in MTC‐ABM to identify the
factors influencing choice decisions. This is important to accurately modify the embedded models
in the MTC‐ABM to simulate transit access through shared mobility services. The process
modifies the utility functions of using heavy rail (i.e., BART) based on a series of scenarios. The
scenarios test the sensitivity of the choice decision to use the shared service. This helps identify
potential participants for the transit access ridesharing service, or “ridesharing+transit”.
Although the framework is general, in this project, the authors focused on work and shopping
trips during specific periods of the day. For example, the authors concentrated on:
 AM Peak work trips;
 Midday shopping trips; and
 Midday work and shopping trips.
The mode choices in MTC‐ABM follow nested logit structures with utility functions consisting of
traveler characteristics, trip purpose, and mode specific variables and skims. The mode choice
models evaluate choices for 18 different travel modes (e.g., drive alone, passenger ride, active,
and a combination of access modes and transit services). The MTC‐ABM does not include shared
mobility services, thus the team modified (using proxies) the existing choice models to represent
the ridesharing+transit service. Specifically, the team concentrated on the existing “drive to
heavy rail (i.e., BART).”
Following the work in Jaller et al. (2018), FIGURE 2 shows the values used to modify the utility
functions. For example, the authors assumed a minimum age of 13 to use the service because
ridesharing does not require driving for the passenger. Similarly, using the service does not
require owning a vehicle (households without a car can access the service). The authors assumed
a number of scenarios to simulate transit accessibility by modifying the driving (access) times and
costs. Reducing driving time reflects the convenience of travel without needing to drive.
Considering the service would require out‐of‐pocket expenses, the authors also assumed cost
increases. In FIGURE 2, “S” refers to the magnitude of change that could produce a significant
shift to this mode. The authors assumed a value of S between 0 and 1 for drive time, and between
0 and 2 for costs. Moreover, there are a few studies evaluating the impacts of Value of Time
(VOT) for passengers compared to drivers and for passenger while traveling in public transit
(Fosgerau et al., 2007; Román et al., 2007; Batley et al., 2010). The studies showed that passenger
VOT is (perceived) about 65% to 85% that of driver. Finally, having access to transit through
ridesharing eliminates the burden of driving, and changes its perceived in‐vehicle value of time
from the drivers’ to the passengers’ perspectives. The authors modeled the scenarios and
compared the results with the 2010 baseline MTC scenario. To isolate the impacts of the
parameter changes, the authors fixed long‐term choices for work and school location choice,
auto ownership, and daily activity patterns for each individual.

FIGURE 1 Proposed Framework (Updated from Jaller et al. (2018))
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FIGURE 2 Parameter changes and scenarios

Determining the Location of the PUDOs
When identifying the optimal location of PUDOs for the ridesharing+transit service it is important
to consider the various aspects of the transport activity, such as the concentration of demand,
the relative location of the PUDO to the transit station, the willingness of individuals to walk and
wait, and other travel decisions.
In this work, the optimal location minimizes total travel distance to the PUDO from the users’
origin, fa, and the vehicle distance from its initial location to the PUDO, fdr. The relationship
between these two distances, converted to time, would affect both the access time, and the
waiting time for service, fw. Moreover, the location should also consider the in‐vehicle traveled
distance (or time) from the PUDO to the transit (i.e., BART) station. The waiting time at PUDO, as
discussed before, refers to the time an individual may have to wait for the other users or the
vehicle to arrive at the PUDO.
The authors assumed that there are enough vehicles (unlimited supply) in the system to provide
the service, and conducted scenarios analyzing the initial position of such vehicles. Vehicle
positions include the transit station, near or at the PUDO, or somewhere between the station
and the demand point. This evaluation framework assumes that there would be available
capacity to meet the demand, and that service providers will optimize the location of the vehicles
(and repositioning) once they understand demand patterns.
The reader is referred to Jaller et al. (2018) for a general description of the optimization model.
In general, the model (assuming known travelers’ location) identifies the optimal PUDO in a
region that minimizes:

FIGURE 3 Optimization solution algorithm
Specifically, in this project, the team evaluated different assumptions about the demand. For
instance, MTC‐ABM provides the number of trips for the different simulation periods in a per
hour basis. The team conducted analyses to discretize the demand in 15‐minute intervals.
Moreover, for the selection of the number and location of the meeting points, the team updated
the initial method that creates a grid of equally sized cells to cover the study region. For instance,
the size of the cells could be a function of the relationship between the areas of study region,
estimated the number of meeting points to allocate to each cell based on its demand density,
and randomly distributed the meeting throughout the cell. In this iteration, the team used the
road network information, to locate the demand points, and conducted different procedures for
the spatial distribution.
The team also conducted post‐processing of the results to determine the solutions that could not
be feasible based on the resulting distances and times. The team did not include these as
constraints in the model to evaluate the entire set of demand points, and be able to analyze the
need for additional policies or strategies to foster service participation.

Agent‐based Analysis using MATSIM Model
The team uses the multi‐agent transportation simulation (MATSIM) software to explicitly model
the movement of individuals and vehicles in the network inside the study area. The simulation
requires network attributes and the travelers’ destination, times and mode choices. FIGURE 4
shows a general description of the simulation process (see Horni et al. (2016) for a detailed
description of MATSIM). More importantly, there are a number of models available for this open
software tool. One of them, the “Demand Responsive Transport (DRT)” is able to simulate a
dynamic shared taxi service with online requests. This module handles vehicle dispatching for the
supply side, and evaluates waiting times, trip and total detour lengths, and other characteristics
of the problem (Bischoff et al., 2017b). The research team conducted simulations for the base
case where an individual uses the private vehicle and the ridesharing+transit service described
before.

FIGURE 4 MATSIM loop (Horni et al., 2016)

Assessing Health Impacts
The team uses the Integrated and Health Impacts Model (ITHIM) to estimate system‐level health
effects (Mueller et al., 2015). ITHIM integrates the impacts of physical activity from active travel,
road traffic injuries and fine particulate pollution. Specifically, ITHIM evaluates the changes in the
population disease burden between evaluated scenarios. Woodcock et al. (2009); Maizlish et al.
(2013); Woodcock et al. (2013); Whitfield et al. (2017) discuss the details of the open‐source tool.
The tool incorporates several important aspects (see FIGURE 5 for a general representation of
the various components):
 Population attributable fraction (FAF): used in public health to refer to the percent of
disease or injury avoided or reduced when eliminating a risk factor;
o Risk factors–physical activity, fine particulate matter (PM2.5), road traffic injuries
– and the health outcomes for specific causes, and
o Exposure distribution of the risk factor.
 Disease burden (BD) from shift in the distribution of exposure in comparative scenarios
(Ezzati et al., 2004). The change in DB is calculated by Eq. 22;

2

The relative risk, RR, at exposure level (x) is weighted by the baseline and alternative population distributions, P(x)
and Q(x), respectively, and summed over all exposure levels.












Relative risk (RR) –at exposure level x;
Population burden expresses in deaths and disability adjusted life years (DALYs);
DALY: years of living with disability;
Chronic diseases include cardiovascular diseases (ischemic heart disease, hypertensive
heart disease, and cerebrovascular disease), colon cancer, breast cancer, diabetes,
depression, and dementia;
Physical activity measured in metabolic equivalent task (MET) hours (Shephard, 2011);
METs reflect energy expenditures for walking and bicycling at average speeds and for
leisure activities and occupational tasks;
Distance‐based traffic injury model (Elvik and Bjørnskau, 2017);
Automobile emissions based on vehicle miles traveled;
Population‐weighted average air pollutant concentrations; and
Costs of illness and value of statistical life (Haddix et al., 2003; Maizlish and Siegel, 2012);
o Cost of illness (COI),
o Willingness to pay.

FIGURE 5 ITHIM considerations from Maizlish (2016)
ITHIM uses the literature and travel survey data to estimate the effects from physical activity for
different types of populations, an air shed model for the air pollution concentrations, and uses
EMFAC in California to estimate the emission factors per vehicle type. The team used the

California version of ITHIM, which has been successfully implemented in the San Francisco Bay
Area, as well as other locations in Nevada, Southern California, Tennessee and Oregon. FIGURE 6
shows a representation of the modeling process. In this project, the team is using the results from
the MTC simulations to feed as inputs of the ITHIM model. In the ongoing Year 3 project, the
team is working on developing a more robust integration with the activity‐based model and
ITHIM.

FIGURE 6 Scenario development (Center for Health Impact Evaluation, 2018)

Empirical Analyses
As mentioned before, the team developed a number of scenarios to evaluate the impacts in the
Bay Area. The team followed the parameter changes in FIGURE 2, and developed the following
scenarios in addition to the baseline (2010):








R+T_AAO: Ridesharing+transit with age and auto ownership relaxation
R+T_10AT: 90% reduction in access time
R+T_50AT: 50% reduction in access time
R+T_75AT: 25% reduction in access time
R+T_50CPM: 50% reduction in cost per mile
R+T_150CPM: 50% increase in cost per mile
R+T_200CPM: 100% increase in cost per mile

Moreover, the team focused the analyses on work, shopping, and all trips for different time
periods (EA, AM, MD, PM, and EV), and implemented the various framework components to a
sub‐set of these scenarios based on the preliminary findings. TABLE 1 summarizes the type of
scenarios evaluated through the different components.
TABLE 1 Evaluated scenarios

All Trips
The team estimated the impact on all trips for all simulation time periods for each of the modes
assuming a reduction of 90% in access time to the “Drive_to_Heavy_Rail” mode.
TABLE 2 shows that the perception of reduced access time (individuals do not have to drive, park,
and walk to the station) shifts demand from other modes to the ridesharing+transit service. Drive

alone includes both toll and free roads, shared ride includes 2+ and 3+ private vehicle passengers,
“Walk Transit” includes local buses, light rail or ferry, BART, express bus, and commuter rail, and
drive transit includes local bus, light rail or ferry, express bus, and commuter rail. The team only
modified the “Drive_to_ Heavy_Rail” as it included BARD. Almost 29,000 trips would shift,
generating an increase demand ranging between 14% and 31% to BART. The results show a
decrease in drive alone trips (except in the early morning period), with the AM, MD, PM, and EV
periods reducing 11,962, 9,027, 6,635 and 9,741 trips respectively. However, because of the
number of total trips, these reductions only represent between .2% and .53%. However,
accessibility improvements to this mode have an impact on the number of walk_to_transit trips,
reducing in the range of 0% to 3.3%, and in the drive to other transit between 6% and 13.53%.
TABLE 2 R+T_10AT scenario for all trips, modes and simulation time periods

These are interesting results as they show that even with significant reductions in access time
(drive time to BART), individuals are not as sensitive to switch from drive alone. Moreover, as the
remainder of the analyses focus on a sub‐set of trip purposes, the expected results would be
lower in magnitude. There are an estimated 21,4 million trips generated in one day in the Bay
Area, about 95% are either driving alone or are passengers in private vehicles, and only .5% to
1.5% use BART. The drive to BART mode only includes a portion of the BART trips, as many other
trips access the station by walking; the reported BART daily users in 2010 were around 350,000.

Work Trips
TABLE 3 shows the results for all the different scenarios (changes in access time and cost per
mile) for the AM period. The 25% access time reduction (R+T_75AT) scenario shows that the
number of BART users increase by almost 9% or 5,792 new trips. In total, this scenario reduces
the number of drive alone trips in about 3,800, and about a quarter of those (1,007) are switching
to BART. The results for the optimistic scenario of 90% reduction in access time (R+T_10AT) show
a 35% increase in BART trips. For the total BART trips, the results show that 74% were already
users, 4% or 3,341 shifted from drive alone, 6% from private vehicle passengers, and 14% from
other transit.
TABLE 3 Mode share for work trips in the AM period for different scenarios

FIGURE 7 and FIGURE 8 show the number of trips switching from drive alone to the service, and
the average change in trip times. The figures show that the simulated users are not as sensitive
to changes in cost (both scenarios include age and auto ownership relaxations)
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FIGURE 7 Average changes in trip time and trips switched from drive alone for cost scenarios
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FIGURE 8 Average changes in trip time and trips switched from drive alone for access time
scenarios
R+T_10AT
For the R+T_10AT scenarios, the team identified the information (characteristics and trips), for
those individuals that shifted from drive alone. The team used these individuals as the input of
the location‐allocation algorithm to find the PUDOs. The model resulted in around 400 common

locations for the 3,341 individuals. There could be more than one PUDO at each of these
locations, determined by the number of individuals assigned to the location, and the vehicles
capacity. For the case where the vehicle originates at the station, TABLE 4 shows the average,
maximum and minimum times for walking, waiting, and driving times. FIGURE 9 shows the
average times for the cases where the vehicles is at the PUDO, at the station, or between the
point and the station. The results only include the drive time of users from the PUDO to the
station, and not the drive time of the empty vehicle. For the vehicle at the point, there is still
waiting times, associated to the individuals that have to walk to the PUDO. However, compared
to the case where the vehicle is at the station, the time decreases from almost 20 minutes to 4,
when the vehicle is ready, or even half when the vehicle is at the midpoint.
TABLE 4 Walk time, wait time and drive time when vehicle at the station
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FIGURE 9 Comparative results for different assumptions about vehicle initial location
FIGURE 10 provides additional details on the frequencies for these times considering all the
meeting points. The results clearly show that if users have perceived thresholds for walking,
waiting, and drive times, there would be a significant number of them that will not use the
service. Although, the graphs do not indicate the relationship between the three estimated times
for the same users. Assuming a maximum of 10 minutes for waiting and walking times, there
would be still about a third of the shifting users that would be able to use it.

(a)

(b)

(c)
FIGURE 10 Frequency distribution of (a) Walk Time (minute), (b) Wait Time (minute) and (c)
Drive Time (minute)
The authors used the trip data from MTC‐ABM and the PUDO locations from the optimization to
conduct the agent‐based simulations. For the simulations, the authors used the information of
all travelers using the driver to BART mode. The authors considered three different scenarios in

the MATSIM simulation (see TABLE 5) and compared the results to a base case where each
individual would drive alone. The simulation does not consider parking cost or capacity
constraints. The simulations assume that when multiple users, the per mile cost drops to half for
each user; however, the simulations do not consider a time‐based cost.
TABLE 5 Operating cost

TABLE 6 shows the results for the different scenarios. Scenario 1 shows that only 12% of users
would benefit from using the ridesharing service with an average cost saving of $1.24 per trip.
Scenario 2 improves the cost performance by saving generalized cost for 33% of the trips (with
the average benefit of $1.50 per trip). However, when instead of being picked‐up at their origin
(home) locations and they have to walk and wait at the PUDO (scenario 3), only 16% would
benefit, reducing the potential demand by half.
TABLE 6 Change in generalized costs from the base case to the alternative scenarios during the
AM peak period work trips

These results are consistent with the findings from the optimization, which show that walking
and waiting times could be very high. Consequently, the service would not be attractive to most
of these users. The next results show the analyses for a lower assumption in terms of “perceived”
access time reductions of only 25%.
R+T_75AT
The authors implemented the optimization algorithm to find the optimal meeting points for the
1,077 individuals that “shifted” to the ridesharing+transit service. Each vehicle has a capacity of
four and initiates its trip in middle between the meeting point and its closest BART station. The
model estimated around 555 meeting points.

The results show that the average walking time to the stations is 17 min., average drive time is
20 min., and average waiting time is 7 min. On average, there are 2 travelers per meeting point.
FIGURE 11 shows the distribution for walk time, drive time and wait time.

(a)

(b)

(c)
FIGURE 11 Frequency distribution of (a) Walk Time (minute), (b) Wait Time (minute) and (c)
Drive Time (minute)
The results show that there is a large portion of individuals that could experience a combined
waiting and walking time of more than 20 minutes, up to an hour (without considering the driving

time from the meeting point to the station). However, around 30 to 40% of the travelers could
be between 5 to 20 mins.
Similarly, the authors considered the 1,077 individuals in the MATSIM simulation scenarios.
MATSIM simulates the individual’s movement from origin to BART station comprised of walking
and ridesharing. Time and cost of the rest of the trip from BART station to final work destination
were estimated using BART API data. The authors simulated two scenarios, the base case and the
ridesharing+transit service.
In the base scenario, all the individuals drive their own personal car as a single occupant from
home to the final work destination. Time component consists of drive time from home to work
plus zonal terminal time derived from MTC model demonstrating the average time to travel from
automobile storage location to final destination. Costs include operating costs per mile (of 36
cents per mile according to the MTC model and zonal long term‐8 hours‐ parking cost extracted
from MTC model TAZ data). The general cost includes the time component multiplied by each
individual’s unique value of time (VOT) and the travel cost component.
In the ridesharing+transit scenario, all individuals walk from their home to their predetermined
PUDO, and ride with possibly other individuals to the closest BART station. Then, take BART to
the closest station to their work place, get off at the destination station and walk to the work
place. The time components include walk time from home to work, wait time at the meeting
point for the vehicle, travel time in shared vehicle, wait time for BART, BART travel duration and
zonal terminal time from station to destination. The cost component comprises of rideshare
service cost per mile (75 cents per mile per passenger representing the fare of services such as
Uber in the Bay Area and BART fare). All the BART related parameters as travel duration, wait
time and fare were derived from BART API online service between all stations across all time
period. The general cost includes the time component multiplied by each individual’s unique
value of time (VOT) and the travel cost component.
This scenario assumed a vehicle fleet size of 1,080 cars. According to the waiting time and detour
constraints within MATSIM’s vehicle assignment algorithm, 66 trips were cancelled. As an
assumption, users with cancelled pick‐ups will use their private car to drive to work. The
simulations show that the total distance traveled by the vehicles reduces from 24,607 miles to
7,750 in this scenario from the base case. About half (44%) of the distance (3,442) the vehicles
are empty (just driver). Under this scenario the largest percentage of the trip uses BART. TABLE
7 shows the modeling results. The explicit simulation of the trips shows that, in average, the
program increases the user’s time in about 4 minutes, with an average total trip time of 91 mins.
In terms of cost, 68% of the trips have saved cost by an average of $7 per trip, while the remaining
32% trips lost a total of $4,943. The total estimated general cost is $19,176 for 74% of trips which
is far higher than the total saved amount of $1,426.
FIGURE 12 shows the distribution of travel duration (including wait time when appropriate) for
all modes inside the simulated trips.3 Walk times distribute within reasonable ranges (under 20
minutes) and overall individual trips’ walk times have a high level of agreement with each other.
On the other hand, BART travel time covers a longer range of values across individual trips with
more trips having travel times longer than 30 minutes. The range of travel time for rideshare
mode is slightly higher than BART mode with lower variations among different trips.
3

Outliers are removed.

TABLE 7 Modeling results

FIGURE 12 Travel time distribution for three simulated modes
FIGURE 13 displays the change in general cost from base to pool case for different categories of
income. Individuals with higher level of income have higher range of increased generalized cost,
while individuals in low‐income groups have lower cost increases.

FIGURE 13 Changes in general cost from base to ridesharing+transit for various level of income

Shopping and Shopping + Work Trips
As mentioned in TABLE 1, the team conducted the analyses for shopping trips for the midday
time period. This is because this period exhibits the largest number of trips with a shopping
purpose. TABLE 8 compares the results for shopping trips between the base case and the
R+T_75AT scenario. This effort generated mixed results. Shopping trips using transit do not
account for a large number of daily trips (only 1.45%).
Although the number of drive_to_BART users is not significant, this scenario generated shifts
between trips from the different modes. Overall, drive alone and passenger (shared) trips
reduced in almost 2% each, walk to transit gained about 50%, while driving to transit increased
by 30%. From the transit related modes, walk to transit gained the largest number of trips
(around 8,000) during the day, while drive_to_BART less than 250.
Additionally, the team evaluated a combined scenario reducing the drive (access) time to BART
(R+T_75AT) for both work and shopping trips during the midday period. TABLE 9 shows the
results for this combined scenario. The top table shows the changes for shopping trips and the
bottom for work trips. Consistent with the previous results, the net changes in shopping trips is
very modest, while the results for work trips are more positive. One interesting finding from the
results is that changes to the midday time period are larger during the AM and EA trips.
Nevertheless, compared to the total number of trips in a day, these changes are very small.
Affecting the access time during the midday, only increases the total of drive_to_BART work trips
in around 5,000 daily trips (from a total of 2.5 million).

TABLE 8 Results for shopping trips during midday for R+T_75AT

Following, the team used the results from the shopping and shopping+work trip scenarios to
estimate the health impacts using ITHIM. ITHIM estimates the impacts comparing the results to
various baseline scenarios. The team used an ITHIM version calibrated to the MTC 2000 travel
patterns, and the team also updated the parameters for the 2010 base case.
TABLE 10 shows the parameters (from MTC‐ABM) for the various modes in the Bay Area
simulation. These include average travel times, speeds, and distances per day. As mentioned
before, the results from the simulation only show very small changes in the overall travel patterns
which translate into very small impacts on times, distances and speeds.
Considering that ITHIM uses exposure, traffic incidents, and emission rates that are very small in
a per mile basis, the small impacts of the scenarios did not show any significant health impacts in
the study area (see TABLE 11).
TABLE 12 also show the results for the different diseases and injury changes as percentage for
males and females for the entire population. As shown, the results do not generate any significant
changes, just a small decrease in injuries.

TABLE 9 Results for midday for R+T_75AT combining shopping+work trips

Moreover, FIGURE 14 shows the changes in disease and injury burden for all users. The positive
values for the shopping+work trip scenario result from the mode shifts due to the reduction in
perceived access time, which generates additional driving miles. These results do not include the
changes in walking from the different service users when they need to walk to the PUDO because
this is not captured by the MTC‐ABM.

TABLE 10 ITHIM parameters

TABLE 11 ITHIM summary results for different scenarios

TABLE 12 Results for health impacts from shopping (top) and shopping+work (bottom) scenarios

FIGURE 14 Change in disease and injury burden from shopping (left) and shopping+work
scenarios (right)

To understand the potential health impacts, the team analyzed the results for the work trip
scenario under R+T_10AT (which reduces the perceived drive time by 90%). In this scenario, 3,341
individuals switched from drive alone to the service. The team used the information for these
individuals to estimate their impacts. The authors assumed that these individuals would
considerably reduce their drive distance and times, and increase walking. That is, their new
driving distances would relate to the driving from PUDO to the BART station, and the walking
would increase with the distance and time to reach the PUDO. While this is not the complete
information about those individuals’ daily activity, it can provide an indication of the health
impacts associated to their mode shift for this scenario.
TABLE 13 and FIGURE 15 show the results for the 3,341 individuals (assuming population’s
demographic characteristics). The results show that the disease burden would reduce between
2 and 8%, and the road injuries by more than 10%. FIGURE 15 shows the expected decrease in
DALYs per individual. While, the numbers for the entire bay area mask these results, there are
health benefits by increase active travel for the shifting individuals. Nevertheless, every system
user has different levels of exposure.
TABLE 13 Results for health impacts for work AM trips (R+T_10AT)

FIGURE 15 Change in disease and injury burden for work AM trips (R+T_10AT)

Discussion and Conclusions
This study evaluated a first mile transit access program using ridesharing. Specifically, the
program allocates travel demand to pick‐up and drop‐off locations (PUDOs) where users access
by walking, then ridesharing vehicles drive them to the closest BART station. The authors
developed a simulation and optimization framework combining different modeling schemes such
as activity‐based modeling, a location‐allocation optimization tool, agent‐based modeling, and
health impacts modeling. For the activity‐based modeling, the team developed simulation
scenarios using the MTC‐ABM model one, MATSIM for agents, and ITHIM for health.
The MTC‐ABM scenarios focused on a series of parameter changes and travel assumptions to be
able to simulate the ridesharing+transit service. The optimization algorithm used continuous
approximation techniques to find the optimal PUDOs that minimized users’ travel, access, and
waiting times. The team developed a dedicated simulation in MATSIM, and modified ITHIM to
account for the program characteristics and study area.
Overall, the team concentrated on purpose specific trips and simulation time periods.
Specifically, work and shopping related trips. The time periods included AM and midday. The
basic premises of the scenarios considered that the use of ridesharing to access transit would
overcome age driving and car ownership limitations. Moreover, for users further away from
transit stations, ridesharing could have different perceived access times and costs. The authors
assumed perceived differences that ranged between 90% reductions up to a 100% increase for
some of the cost and access time parameters.
In general, even for aggressive reductions in access time and costs, the resulting changes in
system wide travel patterns are modest.
For example, assuming a 25% perceived reduction in drive time to BART resulted in an 8%
increase in AM work trips using BART for a total of 72,404. From the 5,792 new BART trips, 1,077
trips switched from Drive‐alone mode. For the 1,077 the results of the optimization showed an
average walking time of 17 min., drive time of 20 min., and waiting time of 7 min. Around 60% of
the travelers could have a combined walk and wait time between 5 to 20 mins, although there is
a large portion of individuals that could experience more than 20 minutes, up to an hour of delay.
The MATSIM time and cost estimation revealed a large portion of trips with significant travel time
increase that contributed to increases in general cost for 74% of trips as well. The trip cost
(excluding the time cost) reduced for almost 68% of trips with a total value of around $5,000.
From the vehicle perspective, total vehicle VMT decreased dramatically; however, 45% of the
rideshare vehicle mileage is empty. Moreover, the optimistic 90% access time reduction for AM
work trips only reduced overall VMT by 0.2% – 0.5% in peak hours.
In terms of health impacts, evaluating the combined shopping and work trip scenarios showed
very small results, which are mostly determined by the small changes in travel activity. The
program is not necessarily attractive for the largest segments of the population, and is not able
to induce a mode shift from personal vehicles to transit. Consequently, there are not significant
health impacts. However, when evaluating the direct impacts to the individuals shifting from
drive alone to the ridesharing+transit service, the results show health and injury benefits
between 2% and 11% (different reductions for the various evaluated diseases).
More importantly, the embedded behavioral models in MTC‐ABM limited the study assessments.
As a consequence, these models, their coefficients and elasticities affected the expected

behaviors to parameter changes. The empirical analyses showed that a percentual change in
access time generated a larger change in behavior compared to the same change in cost.
There are other aspects that affect the ridesharing+transit program:
 Users locations (e.g., distance/access to BART);
 Origin‐destination pairs (e.g., outside of BART service area);
 Trip purpose (e.g., work vs. shopping); and,
 Travelers’ preferences and characteristics (e.g., income and other socio‐demographic
variables affecting travel choices).
Although the agent‐based modeling results show mileage and cost reductions, increases in travel
delay by almost all the trips seems to be a serious operational issue for encouraging demand to
this mode. Improving the performance of transit lines and rideshare services through travel and
wait time reductions can help mitigate the issues. Moreover, providing subsidies to those with
high percentages of time lost may play an important role towards an effective long‐term
sustainable mobility. Better vehicle and demand allocation algorithms can also be an efficiency
improvement with the aim of empty vehicle mileage reduction.
Overall, additional strategies are needed to foster transit and active transportation if the goal is
to promote a sustainable environment. Ridesharing services, if they want to be a contributor to
this goal, they have to avoid becoming a private vehicle alternative and seek to promote pooled
ridership and complement other efficient modes.
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