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Introduction

American cities are incredibly dependent on cars. Highways run through the middle of
neighborhoods, carrying commuters to downtown centers with never enough parking and
congestion everywhere. In this context, a robust transit system can do a lot to reduce car
dependence, easing that congestion as well as reducing transportation emissions and making the
city more accessible for those who do not have or cannot afford what for many is one of the
largest investments of their lives.

However, public transit has been slow to catch on in America. It’s a common truth that
public transit is used in America much less intensively than many parts of Europe'. With limited
ridership, the growth of transit systems is slow, and their impact smaller than it could be. That’s
why it’s important to study the factors influencing transit choice.

There is already a robust literature employing many different methods and models to
study transit choice, although the fact that transit systems vary across the world means that many
of these studies are specific to their location. Still, some common themes emerge. Riders may be
influenced by convenience factors, such as reliability of transit, route speed, amount of transfers,
and how frequently the bus comes, comparing these all to a car trip, which is consistently reliable
and available, and does not require any transfers. Riders may also take into account cost, whether
that be transit fare or the cost of gas and parking. This factor is complicated by the fact that there
is a large one-time cost for a car, representing perhaps an adoption barrier, which is made
irrelevant once the rider has bought the car (since they will continue to pay it off whether or not
they use it). Finally, there is an aspect of personal safety or safety perception that may dissuade
riders from choosing public transit if it is perceived as less safe.”

Other studies investigate more complex factors or interactions, such as the impact of the

route’s purpose or different choices that are made by individuals, families with children, and
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other groups.® However, none of the studies I reviewed significantly interfaced with the impact
of bias on transit choice.

As mentioned above, perception of safety is a factor for many people when choosing
transit routes*. Perception of safety can be influenced by actual safety incidents or by conditions
of the route, such as darkness, remoteness, or lack of transit staff (for example on a light rail
transit line). It can also be influenced by biases about the people who are riding that bus, whether
that be racism, anti-homeless sentiment, or other conscious or subconscious biases. People might
even have biases about the “type of people” who ride the bus, in the same way that an article
from BCG Henderson characterizes sentiment about alternative transit measures: “users of
new-mobility options are seen as disruptors too, making them an outgroup set apart from

commuters who use traditional modes”

. A study conducted in Germany by Liebe and Bayer also
showed that prejudices impacted transit choice when choosing between carpooling options with
varying factors including the ethnicity of the driver®.

These biases can be reinforced or weakened by the actual experience of riding public
transit. That makes them a factor that, unlike the other factors mentioned above, is responsive in
real time to the ridership of the routes. Thus, the impact of bias is well-suited to study using an
agent-based model.

This study attempts to use a simple agent-based model of binary transit choice to
investigate how larger trends in a transit system might be shaped by the responsive biases of its
travelers. It models this interaction on two different simple transportation networks, using
simplifying assumptions about other factors. The model shows that in a system where both

groups experience bias at equal levels, one group will quickly adopt a higher rate of transit

ridership than the other.

Methods
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The model created for this study is a simple agent-based model over a transportation
network. The network is created as a network graph (Fig. 1), where each node, representing a
destination, is connected to several other nodes (stored in an adjacency matrix) to represent trips
that can be made in a car or through public transit. These connective edges are given a weight
corresponding to the “relative appeal” of the route, a variable that is here used as a stand-in for
the static choice factors listed above (speed, reliability, transfers, frequency, and those

non-bias-responsive factors of perceived safety).

Group 1 Relative appeal:
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Figure 1. A network graph displaying “Network 17, where relative appeal is designated by route
color. Each pair of nodes has two connections, corresponding to routes in both directions.

The initial network created for this model is a network with eight nodes, which are
clustered in two “neighborhoods”: Neighborhood 1, consisting of nodes 1, 2, and 3, and
Neighborhood 2, consisting of nodes 4, 5, 6, 7, and 8. For this study, bias was a function of
neighborhood affiliation: riders from Neighborhood 1 would prefer to ride with their own
neighbors than riders from Neighborhood 2, and vice versa.

Agents are created with four attributes, location, affiliation, and preference for “comfort”
and “appeal” (simply called “agent.comfort” and “agent.appeal”). The location for each agent is
randomly picked from the set of nodes, and their neighborhood affiliation assigned based on their

starting location. Comfort and appeal are randomly generated percentages that sum to 1. If an



agent has a higher “appeal” preference, they will consider the appeal of the route more strongly
in deciding whether to drive or take transit. If they have a higher “comfort” preference, they will
weight the bias coefficient more strongly.

For each timestep, each of the agents will randomly choose a new destination from the
nodes that are connected to their location, including the option to stay in the same place. Then,
they will generate a preference for transit, ranging from 0 to 1. This preference is the agent’s
likelihood of choosing public transit over a car. It is calculated as follows:

preference = a X A+ ¢ X B,

Where a is agent.appeal, 4 is the relative appeal of the route, ¢ is agent.comfort, and B is
the bias coefficient of the route.

The bias coefficient of a route is calculated as the percentage of riders, over the whole
history of the route, that share the group affiliation of the agent. This assumes that agents
somehow magically have accurate knowledge of past ridership demographics. In this model, the
assumption is used to vaguely approximate the impression that the agent may already have of the
route, whether from past rides, speaking with other riders, or other biases. It is important to note
that this model is only a very general model of biased behavior trends in transit systems, and is
not meant to achieve any numeric significance.

Many other broad assumptions are made that have strong impacts on the numerical
outputs of the model, such as the actual numbers assigned to relative appeal, the equal
distribution of agent.comfort and agent.choice, and the fact that no other weights are
incorporated into the equation to account for the fact that bias may be only a small portion of
choice factors agents take into consideration. A test run of this model with the bias portion of this
equation halved found different numbers but a similar qualitative result, indicating that these
assumptions will impact the quantitative results of the model but not the trends seen. Further
work on this project could investigate the relative impacts of these assumptions, as discussed in
the “Limitations” section.

Randomness is incorporated into this model both in the distribution of attributes, the
choice of destinations, and a random choice of transit mode that follows the agent’s calculated

preference.



Results

The model was investigated using two different networks (Fig. 2 and Fig. 3). The first
features two neighborhoods of differing sizes with semi-randomly scattered relative appeals, and
the second features two identical neighborhoods with mirroring relative appeals. For both

networks and all runs, the model ran for 50 timesteps with 10,000 agents.
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Fig. 2 (left) and 3 (right). Network graphs of “Network 1" and “Network 2" respectively. Both
networks have neighborhoods divided between nodes 4 and 5 (that is, Group [ includes nodes
1-4, while Group 2 includes nodes 5-8).

The model was run for Network 1 with three different bias sensitivities. First, the full,
original model was run, incorporating bias as described in the “Methods” section as a percentage
of ridership (Fig. 4). The second run was an unbiased run, which replaced the bias coefficient
with a percentage of the top route’s ridership (Fig. 5). The third run modified the original bias
calculations by multiplying it by 0.5, reducing the relative impact of bias (Fig. 6).
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Figure 4. A graph comparing the percentage of each group that chooses to use transit over time

in a biased run of the model for Network 1.
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Figure 5. A graph comparing the percentage of each group that chooses to use transit over time

in an unbiased run of the model for Network 1.

1.0

— Group 1
Group 2

0.8

0.6

0.4

transit users (percent)

0.2 A

0.0 T T T T T

timestep

Figure 6. A graph comparing the percentage of each group that chooses to use transit over time
in a modified biased run of the model for Network 1.

As these figures show, in both biased runs, one group adopts a higher transit ridership
percent. The other shows higher percentages of car use, though that is not show in the figures
here. In contrast, though the unbiased runs occasionally begin with one group predominating,

they very quickly even out to equal transit ridership among both groups. The patterns displayed

here are consistent for many runs of the model.



The trends shown above hold true when the networks are divided as shown in Fig. 2, with
equal amounts of destinations, and thus about equal ridership, in both groups. In this case, Group
2 predominates slightly. However, when the division is changed to include nodes 1 through 5 in
Group 1, Group 1 will predominate.

Patterns of where this ridership appears are, as may be expected, shaped heavily by the
home base of each neighborhood. Here is the ridership distribution of Group 1 in a biased and

unbiased run at time t=9, when Group 1 is defined to include only nodes 1-3:

Figures 7 and 8. Network graphs showing the distribution of Group 1 riders in a biased (left)
and unbiased (right) run of the model at time t=9. Stroke weights denote ridership density, while
color corresponds to route relative appeal.

In the unbiased run, Group 1 adopts transit in neighborhood 2 more quickly than in a
biased run, although because riders still have to distribute themselves to that neighborhood there
are many more riders still in neighborhood 1. Over time, that uneven distribution will equalize
for the unbiased run, and ridership will be evenly spread through the system. For the biased run,
ridership will equalize to an extent, but at t=49 Group 1 still prefers routes in their own

neighborhood.

For Network 2, the results look slightly different. Here are the relative riderships for both

a biased and unbiased run, where the groups are divided exactly evenly:
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Figures 9 and 10. Graphs comparing the percentage of each group that chooses to use transit
over time in a biased run (left) and unbiased run (right) of Network 2.

Even in a biased run, ridership is even between the groups. In an unbiased run, for both
groups, ridership consistently spikes and then drops to around 42%, while in a biased run
ridership gradually lowers from its spike to somewhere around 37%. It is possible that the
inclusion of bias negatively impacts total transit ridership by making each group less likely to
ride in each other’s neighborhood, but given the robust assumptions made in this model, the

difference between the two runs is too small to make strong inferences.

Discussion

The various trends in ridership in the first network strongly suggest that when combined
with geographic differences between the groups, mutual bias does result in different patterns of
transit use. Generally, this presents as higher ridership in the group of higher population, but
when populations are relatively similar, one group is still consistently favored. This may be the
result of geography, although a deeper exploration of this phenomenon is beyond the scope of
this study.

The results of Network 2 also indicate that this disparity in results does not come only
from the inclusion of bias in the model, but depends upon some difference in circumstance
giving preference to one group over the other. While this version of the model incorporates
geographic difference, further research might look into the impacts of difference of preference on

a population level. In reality, bias rarely exists on the same level between two different groups.



An extension of this study might investigate the results of one-sided bias. Likewise, given more
time, this study could more deeply investigate the factors — both geographic and
population-based — that prefer one group over another.

Even on the basic level that a simple model provides, this study opens up new insights
about the working of a transit system with important implications for transit design, policy and
education. It introduces a potentially complicating variable not considered in other models.
Although individual preferences are commonly included in transit models, many do not consider
riders’ feelings not only about public transit or the route itself, but about their fellow passengers.
Bias and prejudice are an important part of human behavior. We see it play out in many transit
systems around the world, especially in America, where many perceive the bus as unsafe or used
predominantly by “other”s: poor people, the unhoused, African Americans. This bias can have a
real impact on who takes public transit, and where. When one group avoids public transit
because of their preconceptions about who else is riding, we remain trapped in a system that is
dependent on cars and incapable of significant change. And even if the measurable impact of
bias in a transit system is relatively small, it only takes a small amount of effort to make inroads
on this issue.

Simply considering the interaction of bias with other aspects of the transit system when
designing messaging, geography and policy can have big results. Intentional messaging or
education can change riders’ perception of who rides the bus and who is welcome, challenging
those preconceived stereotypes. Transit providers who consider how their routes are designed
and who might ride them can work with drivers and communications departments to break down
those perception barriers and ensure that everyone feels comfortable on the bus and that the bus
is for them. And policy, such as reduced fare programs, can be designed to support current riders
as well as welcome new riders. It’s hard to fight biases that have been prevalent in our society for
a long time. But recognizing that they exist, and have an impact on the behavior of a transit
system, can be a first step towards cognizant design and a healthier, more universal transit

system.

Limitations



It’s important to remember that this is only a model, and a transit system is very
complicated. On top of the workings of thousands of agents, with preferences and behaviors
much more complex than those modeled here, there is also a complex system where the
differences between routes are much more than a simple gradient in relative appeal. The
attributes that make a route appealing to one traveler might disincentivize another. One important
aspect of a transit system is transfers between routes, which are not considered in this model at
all. Neither is the connectivity of a whole trip (an agent might take the bus to their first location
then drive to the next, when their car shouldn’t be available to them at all). The factors that go
into a transit system are much more complex than this model accounts for, and the emergent
behavior much different than displayed here.

There are models that consider the many different levels and interactions that might paint
a fuller picture of a transit network. This model does not do that. This model investigates a very
simplified system in terms of one specific behavior. It cannot say anything about either the
specifics of the behavior displayed, or the way that behavior might present itself in reality,
because there are far too many simplifying assumptions made.

What this model can do is demonstrate that, given that the phenomenon of bias exists, it
may have an impact on the emergent behavior of transit systems. Despite its simplicity, that is a
significant finding that should be taken into account in working with these systems.

Given more time, this study might examine the factors that privilege one group over
another, including geography, the distribution of relative appeal, and the characteristics of each
group. As mentioned above, it would be interesting to investigate the trends that emerge when
only one group exhibits bias, or when one group has a stronger preference for transit over cars. It
would also be worth attempting to account for a more complex transit system, including different
ways to travel between nodes and routes with transfers. An ideal model would be able to
incorporate multiple different aspects of a transit choice, from route frequency to associated

costs. However, an ideal model would be difficult to design and even more difficult to analyze.

Conclusion

Though simple, this transit model takes into account an aspect of transit choice behavior

not considered by previous works on the topic. By focusing in on the bias-driven interactions



between agents, the study demonstrates how an agent-based model can add value to the field of
transit system modeling. It proves that bias can have an impact on the behaviors of a transit
system, and result in disparities in adoption of public transit. The implications of this are relevant
throughout the transit field.

It can be difficult to model a system characterized by human behavior, just as it can be
difficult to design such a system. Both require careful consideration of how these designs will
interact with reality. The truth is, bias is not the most important factor to consider in a transit
system. Even if some potential riders are made uncomfortable by the existence of unhoused
people riding the bus, those buses are far more essential to their unhoused riders than they are to
ridership that has the privilege to choose between transit and their own personal vehicle. And
making the bus attractive to a broader audience requires consideration of much more than
personal biases. Still, we live in a world where various types of biases are widespread, and it will
impact the way that people interact with their transit system — not just the routes they choose to
ride, but the complaints they make, the way they vote, the transit lines they don’t want extended
into their communities because it will bring the “wrong people” there.

Likewise, bias may not have a statistically relevant impact on the broader workings of a
transit system. Since this study is so abstract, it cannot quantify the size of disparities related to
bias. However, it interacts with the system as a whole differently than many other factors. A
variable that is responsive to ridership might complicate the behavior of a system that depends
on static variables. The idea of bias as an input into transit models introduces a different way of

looking at this phenomenon that might yield startling results.
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