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Abstract

Increased lifespans and population growth have resulted in an older U.S. society that must reckon
with the complex oral health needs that arise as adults age. Understanding accessibility to
screening and treatment facilities for older adults is necessary in order to provide them with
preventive and restorative services. This study uses an agent-based model to examine the
accessibility of screening and treatment facilities via transportation networks for older adults
living in the neighborhoods of northern Manhattan, New York City. Older adults are simulated as
socioeconomically distinct agents who move along a G1S-based transportation network using
transportation modes that mediate their access to screening and treatment facilities. This
simulation model includes four types of mobile agents as a simplifying assumption: walk, by car,
by bus, or by van (i.e., a form of transportation assistance for older adults). These mobile agents
follow particular routes: older adults who travel by car, bus, and van follow street roads, whereas
pedestrians follow walkways. The model enables the user to focus on one neighborhood at a time
for analysis. The spatial dimension of an older adult’s accessibility to screening and treatment
facilities is simulated through the travel costs (indicated by travel time or distance) incurred in the
GI1S-based model environment, where lower travel costs to screening and treatment facilities imply
better access. This model provides a framework for representing health-seeking behavior that is
contextualized by a transportation network in a GIS environment.
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1. Introduction

This study is motivated by the problem of access to community-based screening and
treatment facilities for older adults who rely on different transportation modes. Senior
centers that host health education and screening events are used to represent screening
facilities in an agent-based model that includes a GIS-based road transportation network. In
particular, E/derSmileis an oral and general health promotion program that offers
educational outreach and preventive screening services at senior centers and other places
where older adults gather in northern Manhattan, New York City (Marshall et al., 2013).
Participants in the E/derSmile program receive referrals for treatment at dental clinics or
primary care practices when indicated.

1.1. Challenges for an aging population in accessing prevention and treatment services

Increased lifespans and population growth have resulted in an aging U.S. society that must
reckon with the complex health needs that arise as adults age. Disparities in access to health
care for groups with fewer versus more economic means and political representation have
long been recognized as a problem with determinants at multiple levels. Perhaps not
surprisingly, middle-aged and older racial/ethnic minority adults with disabilities have been
found to lack sufficient access to health care (Miller, Kirk, Kaiser, & Glos, 2014). In one
report, disparities in access to physician services diminished for African Americans but grew
worse for Hispanics over time (Mahmoudi & Jensen, 2013).

The uneven distribution of health care facilities also contributes to inequities in spatial
accessibility (Ngamini Ngui & Vanasse, 2012). Older adults who lack access to
transportation services tend to experience reduced well-being relative to their peers with
greater access to and more transportation options (Cvitkovich & Wister, 2001).

Oral health conditions are prevalent among older adults and cause pain and suffering that are
usually preventable with early intervention. In a recent study, fully two-thirds (68%) of
adults aged 65 years and older had periodontitis (Eke et al., 2015). Oral health disparities in
the prevalence of periodontal disease are especially acute for racial/ethnic minority
populations and those who live in poverty or subsist on low incomes versus white majority
and wealthier populations (Eke et al., 2015). The aim of this study is to explore the
accessibility of community-based health promotion and disease prevention services for
racial/ethnic minority older adults, so as to improve the health and well-being of this
population.

1.2. Study scope

To examine the accessibility of oral health screening and treatment facilities for older adults
living in the neighborhoods of northern Manhattan, this study employs an agent-based
model to simulate older adults as mobile agents who are distinguished by the type of
transportation mode they utilize: by foot (walk), by car, by bus, or by van. For the study area
and population, the car option represents not only privately owned cars, but also rental cars
and taxi services, which incur a higher travel cost. The van option represents a transportation
assistive service provided by certain social service and health care agencies.
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Older adults who live with or close to friends and family members are assumed to have their
transportation needs satisfied through social support mechanisms. The model reflects this
situation using a simulated social network, which utilizes each agent’s connectedness to
assess the strength of her/his social support. The spatial dimension of an individual’s
screening and treatment center accessibility is simulated through the travel costs (indicated
by travel time or distance) incurred in the GIS-based model environment, where lower travel
costs to these community-based facilities imply better access. The non-spatial dimension of
an individual’s accessibility to preventive and treatment services is simulated through her/his
health outcome, which varies by her/his socioeconomic resources and demographic
characteristics. A higher health outcome means better access to preventive and treatment
services. Hence, this model provides a framework for representing health-seeking behavior
that is contextualized by the transportation network and a simulated social network in a GIS
environment.

2. Background

2.1. Accessibility to health services

The concept of accessibility relies upon an understanding of access, but the latter term is
also hard to define and is often used interchangeably with accessible and available
(Penchansky & Thomas, 1981). Access to health services varies across space because of
both spatial/geographic factors such as the uneven distributions of screening and treatment
facilities, and non-spatial/social factors such as the reality that population groups differ in
terms of socioeconomic resources and demographic characteristics (Wang & Luo, 2005).

When spatial accessibility is calculated using geographic information systems (GIS), it is
referred to as GIS-based accessibility. A benefit of GIS-based accessibility is that it may be
used to map spatial patterns and analyze the spatial relationship between the demand arising
from a given population and the supply of screening and treatment facilities (Mao &
Nekorchuk, 2013; McGrail & Humphreys, 2009; Wang & Luo, 2005). As one example,
Schuurman et al (2006) created a road network to calculate travel time that better represents
access to hospital-based services as compared to straight-line measurement.

Most research on accessibility examines the spatial aspect; fewer studies consider the non-
spatial aspects (Neutens, 2015). Research on the measurement of accessibility often involves
the computation of travel impedance (distance or time) between patient location and service
points. This line of research employs the term “spatial accessibility” instead of
“accessibility” to describe access to health services that considers only spatially-related
factors (Guagliardo, 2004; Wang, 2012).

2.2. Multiple transportation modes

Intelligent transportation systems are key to “smart cities” initiatives that aim to provide
more efficient services for various modes of transportation and enable diverse users to be
better informed regarding transportation options (Ran & Boyce, 2012). Societal gaps exist in
providing adequate transit for the growing population of older adults (Millar, 2005). More
than one in five (21%) of Americans aged 65 years and older do not drive; more than half of
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non-drivers aged 65 years and older (comprising 3.6 million Americans) remain at home on
any given day, partially due to the lack transportation options (Bailey, 2004). Therefore, it is
essential to consider multiple transportation modes when analyzing the accessibility of
screening and treatment facilities for older adults.

The majority of accessibility studies assume that people travel to health facilities using a
single transportation mode, such as by car (Delamater, Messina, Shortridge, & Grady, 2012;
Luo & Qi, 2009) or by foot (Loo & Lam, 2012). Fewer studies consider multi-modal travel
choices that take into account public transportation options in addition to car and walking
options to provide more realistic estimates of accessibility (Haynes, Lovett, & Siinnenberg,
2003; Mao & Nekorchuk, 2013). Qualitative research on accessibility has also considered
different transportation modes, using data from focus groups to understand how older
residents construct their transportation arrangements during different stages of the life
course (Glasgow & Blakely, 2000).

The model implemented in this study allows for different choices of transportation modes
using road networks and walkways that are available to older adults living in northern
Manhattan, New York City. Although New York City is equipped with elevators and
escalators in certain subway stations that make them more accessible to older adults, these
amenities are only available for a limited number of stations on a few routes. In most
situations, older adults still need to climb long staircases, which may be especially difficult
for those with mobility limitations. In addition, real and perceived safety concerns
surrounding the use of subways pose substantial barriers for certain older adults. Therefore,
for disabled older adults or those who live far from a station, traveling by subways may not
be the preferred choice if other travel options, such as buses or taxis, are available and
affordable.

2.3. Social and transportation support

An analysis of U.S. population demographics conducted by the National Highway
Transportation Safety Association found that older women who have smaller families with
fewer children tend to have less social and transportation support than do older women with
more extensive familial networks (Wallace & Franc, 1999). A conditional concern is the
general lack of awareness about alternative transportation options such as van services,
which are especially important for older adults with disabilities who rely on public transit
services (Foster, Damiano, Momany, & Mcleran, 1996; Glasgow & Blakely, 2000).

Furthermore, many older adults subsist on limited incomes, with social security and
retirement savings constituting the largest share (Peck, 2010). As a consequence, the cost of
using public transit may present a barrier to many older adults. To improve access to care for
underserved population groups, assistance services using vans may be provided by social
service and health agencies as a way to reduce travel costs (Marshall et al., 2009).

2.4. Agent-based modeling approaches to accessibility

Because access to health services is influenced by both spatial and non-spatial factors,
accessibility may be usefully modeled as a nonlinear complex system. Nonlinear systems,
because of their structure, are often more conveniently analyzed using computer simulation
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models than by more traditional mathematical methods (O’Sullivan & Perry, 2013). Agent-
based modeling is one of a class of computational models for simulation that developed
from cellular automata to simulate phenomena that emerge from the interactions of
individuals (Evans & Kelley, 2004; Johnson & Sieber, 2009). Unlike cellular automata,
however, agents may possess memory and move about in non-Euclidean space, such as in a
social network or GIS-based environment (Metcalf, 2010). The flexibility of the agent-based
framework facilitates a deeper understanding of the relationships between individuals.

Agent-based modeling has been applied to a broad range of domains in transportation,
including the study of personal transportation-related activities and behaviors (Balmer,
Cetin, Nagel, & Raney, 2004; Dia, 2002; Monteiro, Rossetti, Campos, & Kokkinogenis,
2014). Recently, it has also been applied to the health services domain (Isern, Sdnchez, &
Moreno, 2010). The present study builds upon previous research by the study team that used
agent-based models to examine health-seeking behavior (Metcalf et al., 2013) and analyzed
the impact of different transportation modes and social support on this behavior (Jin, 2014).
The present study extends this line of research by using an agent-based model to explore
different “what-if” scenarios about the implications of transportation and social choices of
older adults on their health outcomes.

3. Conceptual framework

The diagram in Figure 1 illustrates a dynamic hypothesis of how different factors affect
health service accessibility and utilization. The relationships in this causal map, or map of
causes and effects, follows the tradition of system dynamics (Metcalf et al., 2015). In Figure
1, solid arrows indicate positive causal links, and dotted arrows indicate negative causal
links.

Specifically, the elements of Figure 1 reveal two reinforcing feedback loops, which means a
change in one direction will be amplified in the same direction. In the first reinforcing
feedback loop (R1), as physical ability and personal mobility increase, transportation
accessibility also increases as more transportation modes become available (e.g., by foot, by
car, by bus). This then increases the accessibility of screening and treatment facilities, which
may lead to a referral for follow-up healthcare and subsequently the motivation to seek
healthcare. But this reinforcing loop may also be triggered by deleterious side effects, such
as increased age and distance, into a vicious cycle. In other words, as age and distance
increase, physical ability and accessibility of screening and treatment facilities decrease,
respectively (as indicated by the dotted arrows).

In the second reinforcing feedback loop (R2), the accessibility of screening and treatment
facilities leads to increased healthcare accessibility and thereby increased healthcare
utilization. This reinforcing loop may also be triggered by improved treatment affordability,
which also leads to increased healthcare accessibility and so forth.

The elements of Figure 1 also reveal a single balancing feedback loop (B1), which means
any change is counteracted and opposed with each iteration of the cycle. In particular, the
greater the motivation to seek healthcare, the more healthcare utilization and treatment
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result, leading to improved health status. When one is healthy, however, there is less
motivation to seek healthcare. A leverage point is the accessibility of screening and
treatment facilities, which leads to both increased preventive screenings at senior centers and
increased healthcare accessibility, and drives both reinforcing loops in beneficial directions,
increasing healthcare utilization.

A basic tenet of the hypothesis in Figure 1 is that healthcare utilization depends on
healthcare accessibility and the motivation to seek healthcare. This tendency leads older
adults to receive treatment services that in turn benefit their health status. If the overall
health of older adults improves, all else being equal, they are assumed to gain improved
physical ability, which in turn enhances their personal mobility, even as they have less
motivation to seek healthcare. These compounded effects improve their transportation
accessibility and thus facilitate traveling to screening and treatment facilities using diverse
transportation modes. The reinforcing feedback loop (R2) is completed as the accessibility
of screening and treatment facilities improves healthcare accessibility and utilization.

Note that Figure 1 also emphasizes the impact of intervening variables on the dynamics of
the system. For example, the likelihood of developing a physical disability or chronic illness
increases with age. This leads to a reduction in physical ability, indirectly decreasing
transportation accessibility or options for traveling to screening and treatment facilities. On
the other hand, as illustrated at the bottom of the figure, social support in the form of van
services provided by social service and healthcare agencies may increase transportation
accessibility for older adults.

The causal map illustrated in Figure 1 was used to guide the development of an agent-based
model to improve healthcare accessibility and utilization at the individual scale. The overall
goal of this research is to improve oral health and healthcare for racial/ethnic minority older
adults, thereby increasing oral health equity. In the model, increasing transportation
accessibility and the accessibility of screening and treatment facilities helps to achieve this
goal.

4. Description of the model

The agent-based model (ABM) for this study was constructed by leveraging a portfolio of
models that was previously developed by the research team (Metcalf et al., 2013; Jin, 2014).
In this section, the model is described using the Overview, Design concepts, and Details
(ODD) protocol for individual- and agent-based models (Grimm et al., 2006).

4.1. Overview

4.1.1. Purpose—The purpose of this study is to model the potential accessibility of
screening and treatment facilities to older adults in northern Manhattan, so as to maximize
ways of providing preventive and restorative oral health services to this population
throughout the study area of northern Manhattan. The modeling framework is intended to
provide decision support for health planners and policy makers working to achieve oral
health equity for older adults. The model was developed in the AnyLogic software platform
and is available upon request.
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4.1.2. Entities, state variables, and scale—The simulation model includes four types
of mobile agent classes, namely, those who: walk, take a car, take a bus, or take a van. These
different agents follow particular routes: cars, buses, and vans follow roads, whereas
pedestrians follow walkways. A second agent class represents screening and treatment
facilities, which correspond to senior centers and community-based dental clinics. The state
variables that characterize the older adults as agents are income, age (50 years and older),
longitude, latitude, probability of utilizing a van service, health status, and travel time. The
model is built in a GIS environment, which enables agents to be located in a geospatial
environment defined within a GIS map. The map scale may be adjusted by zooming in for
finer resolutions or zooming out for broader views.

Figure 2 illustrates the model visualization during simulation. The left panel of Figure 2 is a
view of the model at start-up. The model user may select one of four neighborhoods: East
Harlem, Central Harlem, West Harlem, or Washington Heights_Inwood. The right panel of
Figure 2 provides a snapshot of the model during simulation for the neighborhood of East
Harlem, where the screening facilities (senior centers) are depicted as blue buildings, the
treatment centers (dental clinics) are depicted as green buildings, and older adult agents
move during model operation. The yellow building in Figure 2 is a screening facility (senior
center) actively holding an event at the time of the screenshot. Walking agents are depicted
with black human shapes. Cars, buses, and vans follow the road network: cars are depicted
as green rectangles, buses are depicted as narrow grey rectangles, and vans are depicted as
red dots.

4.1.3. Process overview—Figure 3 schematically outlines the mechanism of the daily
routine of an older adult agent. At the beginning of the day, each agent starts at her/his home
location in a G1S-based environment. On the first day, an agent has no prior experience and
thus her/his probability of “heading out” (leaving home) is 100%. Based on an agent’s
personal experience history with transportation modes, s/he will obtain a probability of
heading out to determine whether s/he will travel to a senior center. The agent’s decision to
head out is also influenced by her/his social network, which is simulated to represent her/his
social relationships. Most (95%) of the social ties are generated based on proximity,
representing neighbors and family members; the remaining 5% of the social ties are
randomly selected to represent friends.

After agents decide to head out, they have two strategies for choosing a screening facility
(senior center): the preferred one (choose the facility that provides the most services, which
is available only to agents who are able to afford follow-up treatment) or the nearest one
(choose the facility that is closest to their homes among all of the affiliated screening
facilities). After agents choose their destinations, they choose their travel modes: walk, take
a car, take a bus, or take a van. At their destinations, they have opportunities to participate in
an ElderSmile screening event and then choose whether or not to accept referrals for follow-
up treatment. Once a referral is accepted, a treatment appointment is scheduled for the older
adult agent (allowing for a stochastic time delay in the range of 6-10 days).

Figure 4 schematically outlines the mechanism of the routine of an older adult agent on a
day that dental treatment is received at a dental clinic. Health status is bounded between 0
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and 5, where 0 signifies unhealthy and 5 signifies healthy. Upon treatment, health status
improves by an increase of 50% of the difference between current health status and healthy
status. Following treatment, the agents return to their homes. Over time, each agent also
experiences a mechanism for health decay (deterioration), whereby health status decreases
by 0.05% of current health status every day.

4.2. Design concepts

Following the ODD protocol, this section emphasizes critical design concepts associated
with the ABM developed for this study.

4.2.1. Emergence of aggregate behaviour—The main outputs are the travel time
distribution of each transportation mode (i.e., walk, take a car, take a bus, and take a van)
and the number of people seeking screening and treatment services distinguished by each
mode. Another important output is the health status of the older adult agents. At the end of
the simulation, the model will generate the average number of older adult agents who visit
the facility per day for each facility (senior center, dental clinic).

4.2.2. Agent adaptation in response to poor health—If the health status of an agent
(range = 0-5) is lower than a given threshold (threshold = 2), the probability of heading out
(headingOutProbability) will automatically increase by 0.1 in order to obtain needed
healthcare.

4.2.3. Stochastic model components—Several stochastic processes involving
randomness are used in the model, notably the probability of heading out. In addition, the
location, health status, income, and age (50 years and older) of the older adult agents are
also modeled as stochastic processes, in that they are randomly generated but follow a
specified distribution.

4.2.4. Costs and benefits of transportation choices—Certain travel modes such as
walking incur low costs and positive benefits because people enjoy the experience or value
its health advantages. Van services also offer benefits to older adults and the environment,
from saving money to reducing traffic congestion. To reflect these advantages, the model
rewards agents for walking and using vans, but imposes a penalty for using a car. These
benefits and costs are included in the transportation mode score.

4.2.5. Transportation mode choice—The process by which an agent chooses a
particular transportation mode when faced with options is modeled using a message sending
function (sendmsg), the specific code for which is provided in the supplementary material.

4.2.6. Personal experience history—Based on the personal experience history, each
agent obtains the probability of heading out to determine whether or not to visit a screening
or treatment facility. A score is recorded for the personal experience history based upon
health status, travel distance, travel time, transportation mode choice, age, mobility, and
social support (see the supplementary material for details on calculating this function).
Higher scores indicate a higher probability of heading out, meaning greater access to a
screening or treatment facility.
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4.2.7. Model calibration—Calibration involves establishing parameter settings that align
the model with available data (Crooks, Castle, & Batty, 2008). In this study, certain
parameters and characteristics of the geospatial context were calibrated to observed data.
Simulated transportation modes follow actual routes along transportation networks defined
with GIS data. The speeds of transportation modes were calibrated within the empirical
range reported by the New York City Department of Transportation (2016). Screening
facilities (senior centers) were geolocated to actual addresses of facilities in the E/derSmile
network. The poverty threshold used to define income distribution in the model was based
upon data from the U.S. Census (DeNavas-Walt, Proctor, & Smith, 2015). In addition to
these efforts to design the model using available data, tests for validation and evaluation of
model behavior were also performed as part of model analysis. These tests are discussed in
section 5.5 below and included as supplementary material.

4.3. Model details

4.3.1. Model initialization—At start-up, a population of 100 older adult agents is situated
within a specific neighborhood (East Harlem, Central Harlem, West Harlem, or Washington
Heights_Inwood) of northern Manhattan using the GIS environment. Each of these agents
has a home location that is assigned randomly within her/his neighborhood. The model also
situates senior centers (screening facilities) that hold oral and general health educational and
screening events. The locations of the 55 senior centers in the model correspond to the
screening facilities that are affiliated with the E/derSmile network. To differentiate between
screening facilities in terms of the scope of services they provide, a subset of 22 screening
facilities is categorized as preferred (i.e., well-organized senior centers with extensive
services and activities). In addition to assigning a home location to each agent at start-up, a
simulated social network is constructed to represent her/his social relationships.

The distribution of social ties from a simulated social network is presented in Figure 5,
where the X-axis indicates the number of social ties and the Y-axis indicates the percentage
of the population with a given number of social ties. The mode is four social ties for a
population of 100 older adults. This mode is used as a threshold in the model to determine
whether or not an agent will receive social support for transportation assistance. Agents with
more than four connections are considered to have social support.

Income is specified in the model using a lognormal distribution as presented in Figure 6,
where the X-axis indicates monthly income and the Y-axis indicates the probability of
earning a given monthly income. As per the 2014 U.S. Census Bureau income and poverty
report, the U.S. poverty rate was about 14.8% in that year, meaning that nearly 45 million
Americans lived below the poverty line (DeNavas-Walt, Proctor, & Smith, 2015). Hence, the
poverty threshold in the model is calibrated so that it results in a 14.8% poverty rate, as
indicated by the red vertical line in Figure 6.

Based on the Mobility Report of the New York City Department of Transportation (2016; p.
22), bus speeds during weekday commutes are generally between 4 and 8 miles per hour, or
1.7 to 3.5 meters/second. The modeled assumption for bus speed was thus set within this
range, at 2 meters/second. Speed for a car or van was assumed to be slightly faster but within
the same range, at 3 meters/second. Pedestrian speed was set to 0.5 meter/second. The
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maximum potential walking distance is assumed to be 400 meters (about 0.25 mile). The
maximum capacity of a van is assumed to be five older adults at one time. For each
neighborhood, there are assumed to be two vans operating simultaneously.

4.3.1. Sub-models (scenarios)—The first sub-model is designed to test whether or not
social support influences the choice of transportation mode. The corresponding hypothesis is
that greater social connectedness will enable transportation assistance, providing more
opportunities for older adults to use the van option. The specific parameter settings for the
social support scenarios are presented in Table 1.

The second sub-model is designed to test the influence of referrals obtained through
screening events. The corresponding hypothesis is that participation in screening events
positively affects treatment seeking behavior. The full model documentation including
variables, parameters, functions, and collections is included in the supplementary material.

4.4. Sensitivity analysis

Sensitivity analysis involves adjusting the parameter inputs to determine the effects on the
simulation results. The purpose of a sensitivity analysis is to determine the variability
(degree) for multiple simulation runs within a time series and the effect of each factor on the
output. For an ABM evaluation, the values of some factors are differentiated by agents in
each simulation run because of heterogeneity. In this study, each agent is treated as one
simulation run. Using the variance-based method titled, Extended Fourier Amplitude
Sensitivity Testing (Extended-FAST), the contribution of each factor to the output variance
may be assessed as it does not assume linearity (Homma & Saltelli, 1996). For a given
factor, the main effect sensitivity index represents the fractional contribution to the variance
of the model output which is due to this factor. The higher order sensitivity index is used to
represent the interaction effects among all of the factors in the model (Crosetto, Tarantola, &
Saltelli, 2000).

5. Results and Discussion

This section presents the results and attendant discussion of the following analyses and
simulations: a spatial (kernel density) analysis of the distribution of screening facilities
(section 5.1); the dynamic model simulation results for proximity of screening facilities and
travel time (section 5.2) and the influence of social support (section 5.3) and referrals
(section 5.4); and the sensitivity analysis (section 5.5).

5.1. Kernel density map of screening facilities

To examine the uneven distribution of screening facilities across northern Manhattan, a
kernel density map was constructed to visualize their spatial concentrations. The kernel
density approach is a non-parametric method to estimate the probability density function of
a random variable. A magnitude per unit area from a point or polyline feature is calculated
using a kernel density function to fit a smoothly tapered surface to each point or polyline. In
ArcGIS 10.1, the default search radius (bandwidth) is calculated on the basis of the spatial
configuration and number of input points. This approach corrects for spatial outliers, i.e.,
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input points that are far removed from the majority of points, so that they will not result in a
search radius that is unreasonably large (ArcGIS-Guidebook, 2015).

From the kernel density map presented in Figure 7, it is evident that the neighborhood of
East Harlem has the highest concentration of E/derSmile screening facilities and the
neighborhood of West Harlem has the lowest concentration of screening facilities.

Based upon the results of this analysis, the neighborhoods of East Harlem (maximum
number of screening facilities) and West Harlem (minimum number of screening facilities)
were compared in terms of their spatial accessibility by calculating travel time, as described
in section 5.2 below.

5.2. Proximity of screening facilities and travel time

The proximity of older adults to screening facilities affects their decisions to attend health
education and screening events. Indeed, the physical proximity to a screening facility often
reduces physical barriers to accessibility, such as travel time (Reed & Phillips, 2005). Figure
8 displays the average number of people per day who visit screening facilities (arranged in
horizontal order from fewest to most) over the course of the simulations for East Harlem and
West Harlem, respectively.

These results also indicate an uneven distribution of simulated attendance at different
screening facilities (Figure 9). Note that screening facilities (senior centers) are diverse in
terms of their sizes and locations, as well as in terms of their social organizations. As noted
previously, certain screening facilities may be preferred by older adults because they are
well-organized or provide desired services and programs. Other senior centers may be
advantageous because they are located where older adults live, such as within public housing
developments that are concentrated in East Harlem.

The travel time distributions by transportation mode (by foot, by car, by bus, and by van) for
traveling from home to a screening facility are presented in Figure 10 for East Harlem and
West Harlem, respectively. The results of this analysis are used to estimate travel time,
which is considered to be one of the costs of transportation. A simplifying assumption in this
study is that the travel time of taking a bus does not include either the time to walk to a bus
shelter or the time to wait for a bus to arrive.

From the narrow vertical lines in Figure 10 that are used to indicate the modes of the
distributions, it is evident that the travel times for older adults who walk, take a bus, or take a
car from home to a screening facility are all close to 4 minutes. While taking a van incurs
the longest travel time of approximately 27 minutes, it may still be the most advantageous
way to travel from home to a screening facility, especially for older adults who are frail or
disabled.

Differences were found between the neighborhoods of West Harlem and East Harlem in
terms of the average number of people who attend a screening facility per day, both overall
and via different travel modes (Table 2). A higher number and concentration of screening
facilities are located in East Harlem versus West Harlem. Using 100 older adult agents per
day in total for each simulation run, the total number of screening facilities in East Harlem
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experiences on average 82 visits per day, compared to 46 visits per day among all of the
screening facilities in West Harlem. This comparison makes clear that the uneven
distribution of screening facilities has a large impact on their spatial accessibility for older
adults.

5.3. Influence of social support

The dynamic simulation results that are presented in Figure 11 show the influence of social
support on the number of people attending screening facilities in East Harlem by
transportation mode.

On the left panel of Figure 11 that displays the scenario without social support, older adults
prefer to take a bus to screening facilities since it is a more affordable transportation option
than taking a car. When accounting for transportation assistance with social support,
however, older adults who might otherwise prefer to take a bus instead choose to take a van,
despite the longer travel time involved (see the right panel of Figure 11). In other words,
taking a van from their homes to screening facilities is more affordable and convenient
relative to other transportation options for older adults seeking to attend screening events at
senior centers. This is especially true for older adults with poor health status, since van
services provide door-to-door accessibility.

The influence of social support at East Harlem screening facilities by travel mode and
overall is also provided in Table 3. Using 100 older adult agents per day in total for each
simulation run, results indicate that social support increases the total number of older adults
attending screening facilities and also the number of people taking vans. These increases are
attributable to people switching from the bus mode to the van mode in the scenario with
social support.

5.4. Influence of referrals

The aggregate health status across all agents is presented in Figure 12, where the X-axis
represents the simulation timeline of 200 days and the Y-axis represents normalized health
status values. Recall that originally health status was bounded by 0 (signifying unhealthy)
and 5 (signifying healthy). Normalization is the process of transforming data (in this case,
health status) so that all values fall between 0 (unhealthy) and 1 (healthy), for a more
visually intuitive understanding of the simulation results.

In examining Figure 12, it may be seen that the aggregate health status across all agents with
referrals for treatment from screening events increases gradually and reaches saturation in
the healthy range (0.75) during the simulation run. On the other hand, the aggregate health
status across all agents without referrals from screening events gradually decreases and
reaches saturation in the unhealthy range (0.35) during the simulation run.

The trends regarding health status reflect the parameter settings of the model, where
exposure to screening events from daily visits to senior centers and indicated referrals for
treatment may offset the tendency for health to decline over time. As explained previously,
when agents receive treatment their health status increases by 50% of the difference between
healthy status and current health status. Meanwhile, health status decays (deteriorates) by
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0.05% of current health status per day if no screening occurs and no treatment is received
via referrals.

5.5. Sensitivity analysis

The mean of the variance among replicates is 0.0276 %, expressed as a percentage of the
variance over all model runs. This may be interpreted to mean that stochastic effects are not
responsible for a large amount of the variation in health status. Figure 13 presents the main
effect and interaction (higher order) sensitivity indices for income, age, social ties, and
distance, where the left panel presents the results for the first day and the right panel
presents the results for the last day of the simulation. At the beginning of the model run,
income and distance are the main barriers for older adults seeking dental treatment; at the
end of the model run, age is the major barrier, and the effects of income, social ties, and
distance are less than at the beginning.

A snapshot of the variance decomposition at the beginning and end of a model run such as
that presented in Figure 13 may be insufficient for assessing the importance of the factors in
a model. Instead, visualizing the variance decomposition temporally reveals factor stability
over the course of the model run (Lee et al., 2015). Figure 14 presents the time series results
of the main effect sensitivity index for income, age, social ties, and distance. Note that the
results for the first and last days of the model run are the same as those presented in Figure
13, but the changes over the course of the year for each factor are also visualized.

Beyond the sensitivity analysis just described, evaluation of the model is an important part
of model analysis. As noted above, certain data were used during initialization of the model
to calibrate parameter settings and the geospatial context. When undertaken as an iterative
process of model testing, calibration involves estimating the model parameters to obtain a
match between observed and simulated behavior (Oliva, 2003). Calibration is distinct from
validation in that it involves tuning parameter settings to align the model with reality;
however, calibration may involve validation of model performance (Crooks, Castle, & Batty,
2008). Model validation, then, concerns how well the model outcomes represent real system
behavior, and refers to the process of establishing confidence in the soundness and
usefulness of a model (Forrester & Senge, 1980). Confidence is the proper criterion for
validity because there is no proof of the absolute correctness with which a model represents
reality (Forrester & Senge, 1980). Calibration and validation pose particular challenges for
agent-based models, since these models are often underdetermined and frequently invoke
stochastic behavior (Crooks, Castle, & Batty, 2008).

One approach to validation would be to test how well the agent-based model explains the
simulated data compared with alternative models. Accordingly, a schedule-based transit
analysis was conducted to estimate travel time for participants attending £/derSmile events.
The results, included as supplementary material, indicate a 4-minute service area of
screening facilities. These results are consistent with the simulated data summarized in Table
2 and thus serve to increase confidence in the agent-based model. In addition to this
schedule-based analysis, we performed model evaluation using a pattern recognition analysis
of computational versus visual ways of distinguishing patterns in simulated data. The results
generated from this pattern-oriented analysis are also included as supplementary material.
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6. Conclusions

Both spatial and non-spatial factors were examined in modeling the accessibility of
screening and treatment facilities for older adults in this study. With regard to spatial factors,
the simulation results demonstrate that proximity to screening and treatment facilities is an
important factor affecting individual decisions to seek health services. In northern
Manhattan, the spatial accessibility to screening facilities is not a major barrier to receiving
services, since the travel time for most older adults is less than 10 minutes. Van services for
older adults who lack resources or are frail or disabled incur a travel time from homes to
screening facilities of less than 30 minutes.

With regard to non-spatial factors, the simulation results demonstrated that social support
leads to transportation assistance for older adults, thereby increasing their health-seeking
behaviors through the shared use of vans. In addition, participation in screening events
positively impacts oral health through the provision of referrals for treatment.

This study demonstrates that agent-based model simulations may be used to solve problems
and aid decision-making by conducting different “what-if” scenarios with stakeholders.
These might include how best to use limited resources: improve van services in select
neighborhoods or employ peer-to-peer training programs to enhance social support and
referral to available programs.

The exploratory model presented here provides the basis for future research in at least four
areas. First, additional sociodemographic characteristics of older adults ought to be
investigated that may influence their health status, such as racial/ethnic identity, immigration
status, and dental insurance coverage. Second, the model ought to be extended over a longer
time period, in order to better understand the dynamics of health and well-being in the later
stages of the life course. Third, the model may be adapted for additional populations and
settings, for instance, Chinese American adults screened at community sites in lower
Manhattan (Chinatown and the Lower East Side) and the Sunset Park area of Brooklyn,
which include dense ethnic enclaves of Chinese Americans, as part of a newly funded
feasibility and acceptability study. Finally, further calibration and validation testing with a
broader range of stakeholders is needed to determine the relative impacts of different model
assumptions that will enable the exploration of more robust and meaningful scenarios.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

Proximity to screening facilities affects health-seeking decisions of older
adults.

Social support leads to transportation assistance for older adults.
Older adults exhibit a preference for vans over buses with social support.

Participation in screening events positively impacts oral health.

Health status improves with referrals for treatment from screening events.
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Figure 1.
Causal map of healthcare accessibility and utilization
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than 10 daily visitors are labeled by name.)
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Figure 10.
Travel time distribution by transportation mode for East Harlem and West Harlem,

respectively

Appl Geogr. Author manuscript; available in PMC 2019 April 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Zhang et al.

agents leaving home / day

70
60
50
40
30
20
10

0

Page 29

Attendance at screening facilities without social

Attendance at screening facilities with social

support support
7 70 .
- = . . ~
~ 60 ™ / \J
g p
g 50 -
ap 40
=
= 30
3
% 20
10

%
LI i}

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97 1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97

day day
o By fOOT By DUS =By car =Ry van Ry foot =——Ry bus =Ry car =Ry van

Figure 11.
The influence of social support on transportation mode choice in East Harlem
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Figure 12.
Aggregate health status with and without referrals
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Figure 13.
The main effect and interaction sensitivity indices for income, age, social ties, and distance
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Figure 14.

The time series main effect sensitivity index results for income, age, social ties, and distance
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Table 1

Parameter settings based upon the sub-models (scenarios)

Sub-model

Parameter name

Function

Without social support

proUsingVanService

uniform_pos()

With social support

proUsingVanService

uniform_pos()
+ 0.2 (social ties>4)
+ 0.1 (O<social ties<4)
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