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ABSTRACT

The New York City (NYC) youth shelter system provides housing, counselling, and other support
services to run away and homeless youth and young adults (RHY). These resources reduce RHY’s
vulnerability to human trafficking, yet most shelters are unable to meet demand. This paper presents a
Discrete Event Simulation (DES) model of a crisis-emergency and drop-in center for LGBTQ+ youth
in NYC, which aims to analyse the current operations and test potential capacity expansion interventions.
The model uses data from publicly available resources and interviews with service providers and key
stakeholders. The simulated shelter has 66 crisis-emergency beds, offers five different support services,
and serves on average 1,399 LGBTQ+ RHY per year. The capacity expansion interventions examined
in this paper are adding crisis-emergency beds and psychiatric therapists. This application of DES serves
as a tool to communicate with policymakers, funders, and service providers—potentially having a strong

humanitarian impact.

INTRODUCTION

Youth homelessness is a severe systemic
issue in New York City (NYC), with recent
levels being the highest since the great
depression (Coalition for the Homeless
2022). According to a 2018 study from
Chapin Hill, approximately 4,500 RHY are
homeless each night in NYC and there is a
severe gap in youth-specific services—such
as prevention systems and shelters (Morton et
al. 2019). The NYC Department of Youth
(DYCD)
funds eight drop-in centers and 293 crisis
beds for youth ages 14 to 24 in NYC; the

former of which provides immediate services

and Community Development

to RHY, and the latter house youth for up to
120 days (NYC Department of Youth and
Community Development,
Homeless Youth Services 2022). Although

Runaway and
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services are available for RHY in NYC, there
is not nearly enough capacity to meet the
demand, and services are often insufficient in

matching their needs (Clawson et al. 2009).

Runaway and homeless youth and young
adults (RHY) are highly vulnerable to human
trafficking— defined as the exploitation of a
person, usually in the form of sex or labor, for
monetary gain or benefit (Gajic-Veljanoski
and Stewart 2007). A large 10-city study,
conducted from 2014 to 2016, found that
19% of RHY had been victims of some form
of human trafficking and that 68% of youth
who had been trafficked or engaged in
commercial sex had done so while homeless
(Murphy 2016). Another study focusing on
youth at the NYC youth shelter Covenant
House found that 48% of youth who engaged

in commercial sex did it because they did not
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have a place to stay (Bigelsen and Vuotto
2013).
increases even more for LGBTQ+ youth; the

The wvulnerability to trafficking

previously mentioned 10-city study also
found that 24% of LGBTQ+ RHY were
victims of sex trafficking (Murphy 2016).
LGBTQ+ youth account for up to 40% of the
RHY population, although only 3-5% of the
general identify as
LGBTQ+ (Xian et al. 2017). This further
highlights the importance of LGBTQ+
RHY

youth  population

specific services and shelters.
Additionally, homelessness greatly decreases
opportunities for youth seeking employment
or education (Bigelson and Vuotto 2013).
When youth are unable to find licit
employment opportunities, they are much
more likely to be trafficked for sex or labor to

meet their basic needs (Xian et al. 2017).

Shelter and support services have the
potential to help reduce RHY vulnerability to
trafficking and exploitation (Ide and Mather
2019). Access to safe, reliable housing is one
of the most effective interventions in
preventing youth from being exploited and
trafficked (Murphy 2016; Dank et al. 2015).
Bruhns et al. 2018 conducted a series of
interviews in 2018 with survivors of
childhood exploitation and human trafficking

who highlighted that leaving trafficking
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requires external assistance from
“comprehensive, nonjudgmental services”
for the entire duration of their post-
trafficking experience. The survivors clearly
stated that they needed their basic material
and safety needs met (that is, reliable housing
and a stable income) to realistically exit the
human trafficking situation (Bruhns et al.
2018). Beyond shelter, support services—
such as case management and psychiatric
RHY
vulnerability to trafficking (Bigelson and
Vuotto  2013).

interventions are both an immediate tool for

care—can further decrease

Housing and service
reducing RHY trafficking vulnerability, as
well as a long-term investment in RHY health
by decreasing the likelihood of chronic adult
2021). Thus,

providing and improving access to support

homelessness (Hsu et al.

services for RHY, especially those with

marginalized identities, is critical.

Given this context, our goal is to model RHY
access to shelter resources and analyze
This is
accomplished via a discrete event simulation
(DES) of a shelter in NYC specifically
serving LGBTQ+ RHY. The simulation

models the process of RHY entering the

potential improvements.

shelter and using housing and support
services based upon their specific needs. The
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model is built with a combination of
secondary data collected from publicly
available resources and primary data
obtained in interviews with service providers
and key stakeholders, such as NYC Coalition
for Homeless Youth. It incorporates realistic
RHY behaviors such as queue abandonment,
varied stay times, and individualized
resource needs. This provides a platform for
testing capacity expansion interventions and
analyzing the potential impact on the shelter

and RHY.

The modeled shelter has 66 crisis emergency
beds along with five support services: case
health

insurance enrollment, psychiatric services,

management, drug counseling,
and medical services. This paper replicates
the current state of the simulated shelter and
analyzes potential impacts of two
interventions: increasing the number of (1)
crisis-emergency beds and (2) psychiatric
therapists available. This application of
discrete event simulation demonstrates
expanding shelter services in NYC as an
effective way to meet the needs of many

RHY, which has a great humanitarian impact.
RELATED WORKS

Operations research techniques have been

applied to several problems regarding access

91

to housing for populations vulnerable to or
experiencing homelessness. Kaplan (1987)
uses a queueing theory model to analyze
equity of wait times for public housing
assignments based on the races of tenants.
Johnson and Hunter (2000) provide an
optimization model to maximize the social
benefit and equity of government-issued
rental voucher programs within program and
policy constraints. Johnson and Smilowitz
(2012) create a decision model for finding
affordable Pittsburgh,

Pennsylvania. The model involves a user

housing in
interface  which allows users to input
decisions on certain factors, which improves
the autonomy and accessibility for low-
income families searching for affordable
housing. Johnson (2007) proposes a model to
optimize the locations of affordable housing
projects by maximizing both the efficiency
and equity of the project locations. All of
these models analyze various programs that
aim to decrease homelessness by expanding
accessibility to housing.

Analytical models may be paired with policy
simulations to examine potential systematic
improvements and increase effectiveness in
policy making for homelessness. Early
(1999) creates a microeconomic predictive

model and a policy simulator to examine the
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best
best

and
the

homelessness
This

availabilities of various assistance programs

causes  of
interventions. analyzed
such as homeless shelters, rent assistance,
and inexpensive traditional housing. Azizi et
al. (2018)
optimization framework to test the predicted

proposes a mixed-integer
effectiveness of policies for allocating youth
housing resources. It successfully determined
policy alternatives that increased fairness for
RHY of different demographics without
reducing efficiency. Kaya et al. (2022) uses a
linear programming model to evaluate
effective capacity expansion techniques for
the NYC system of shelter organizations for
RHY. All of these formulations can aid in
future policy design and resource allocation

decisions.

A handful of existing simulation models
address the healthcare needs within homeless
populations. Brewer et al. (2001) propose a
Markovian simulation of the transmission of
tuberculosis within homeless populations.
This model examines the impact of several
control strategies on cases and deaths within
the population, finding that a 10% increase in
treatment access had a greater effect on
decreasing tuberculosis cases and deaths than
any improvements in care quality. Reynolds

et al. (2010) provide a discrete event
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simulation of a healthcare clinic serving
homeless patients with a large variety of
needs. The clinic specifically provides care
for homeless individuals and relies entirely
on volunteer staff. The simulation model
seeks to improve processes within the clinic
to use its limited resources efficiently and
divert excess patients from nearby
emergency departments. Chapman et al.
(2021) conduct a study of outbreaks of
COVID-19 in homeless shelters using an
The

simulation found low success in any control

individual-state microsimulation.

strategies in preventing outbreaks and
emphasizes the need for non-congregate
housing in the event of public health
emergencies. Homeless populations have
unique healthcare needs as opposed to
general populations; Reynolds et al. (2010),
Brewer et al. (2001), and Chapman et al.
(2021) all found validity in using simulation
modelling techniques to address health issues

within the context of homelessness.

The model proposed in this paper is a unique
application of discrete event simulation to
analyze the capacity of a singular crisis
shelter for LGBTQ+ homeless youth. Azizi
et al. (2018) and Kaya et al. (2022) are the
only aforementioned papers that focus on
homeless youth. The increased vulnerability
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to human trafficking that homeless youth,
especially LGBTQ+ RHY, face poses a dire
need for understanding and improving
available resources. Although DES models of
RHY exist, this method has not used to
analyze potential capacity expansion. In
contrast, DES has been used extensively to
evaluate capacity expansion in healthcare and
public programs (Zhu et al. 2012; la et al.
2016; Ferreira et al. 2008; Fraga et al. 2016;
Park and Noh 1986). Additionally, while
much of the literature is situated in the
longer-term solution of affordable housing,
(Johnson and Smilowitz 2012; Kaplan 1987;
Johnson and Hunter 2000; Johnson 2007),
there is a gap in capacity expansion of short-
term housing programs. This simulation
model analyzes crisis bed space availability
and other immediate crisis interventions for
RHY'. To the best of our knowledge, DES has
yet to be applied for capacity expansion
interventions within a LGBTQ+ youth crisis
shelter. DES is an effective tool for testing
several  potential capacity expansion
interventions and communicating the results
and service

to policymakers, funders,

providers of RHY shelter services.
DATA AND COMMUNITY PARTNERS

This section briefly presents our data

acquisition process. The model uses a
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combination of secondary data collected
from publicly available resources and
primary data obtained in interviews and
surveys with service providers and key
stakeholders, such as NYC Coalition for
Homeless Youth and NYC Mayor’s Office
Youth Homelessness Taskforce. The service
provider survey yields data regarding shelter
services offered, existing capacities,
approximate lengths of stay for RHY, and

approximate arrival rates.

Information from stakeholder interviews and
publicly available data was used to create
individual needs-profiles for RHY that we
use in our model, which include information

about support services needed.

Housing and support services are provided to
RHY to ensure ongoing safety, serve basic
needs, and reduce vulnerability to
exploitative experiences such as sex and
labor trafficking. One-third of RHY enter the
shelter requesting a crisis bed and there are
66 available beds in the shelter. All RHY in
the system seek support services — five
support services in addition to housing: case
health

insurance enrollment, psychiatric services,

management, drug counseling,
and medical services. Medical services refer
to the procedures that are conducted by

travelling nurses and doctors in the shelter.
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These procedures include physical check-

ups, testing for sexually transmitted
infections and COVID-19, and vaccination
updates. All support services, with the
exception of case management, are provided
by contractors who work at shelters for a
limited number of hours per week, thus
limiting access to services. The estimated
capacity of services within the current system

of the shelter is shown in Table 1.

The needs-profile data informs the demand
for shelter resources by the homeless youth
population. A needs-profile is made up of
integers representing the monthly quantity of
appointments a youth requests for each

service type. These integers are randomly

generated based on demand probabilities for
each service. For example, a youth’s needs-
profile may indicate they do not need drug
counseling but need to see a psychiatrist
weekly. Accordingly, the youth entity will
seize zero drug counseling appointments and
four psychiatric service appointments per
month. We assume that time conflicts do not
exist when scheduling these service
appointments and youth are able to use the
support service appointments that they claim;
the model focuses on capacity rather than
scheduling. The proportion of youth using
each service and the range of monthly
appointment  quantities

per youth are

available in Table 1.

Table 1: Estimated Service Capacities.

Support Service

Total Appointments
Available per Month

Percentage of Youth
Requesting Service

Appointments per
Youth per Month

Case Management 400
Drug Counselling 60
Insurance Enrollment 34
Psychiatric Services 56
Medical Services 192

100% 2.4
40% 0-4
50% 0-1
50% 0-4
90% 1-5

METHODS
Discrete Event Simulation Model

There are two types of entities in our model

of the shelter: (i) youth who are seeking to
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receive a crisis emergency bed (bed-seeking
youth, or BSY) and (ii) youth who are only
seeking support services (non-bed-seeking
youth, or NBSY). Figure 1 shows the logic of
how those entities flow through the system.
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Figure 1: Shelter Intake Process Flow.

Youth arrive in the shelter with different
personal attributes, such as age and the list of
services they need. These characteristics
determine certain behaviors in the system
such as the number of days a youth remains
in the shelter and their willingness to wait for
services within the system; we call these Stay
Attributes, outlined in Table 2. When an

entity enters the shelter, we assign its initial
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attributes. For an NBSY entity, they continue
directly to requesting their support service
needs. For BSY entities, they first request a
bed resource. Once they are able to seize a
bed, they move onto requesting their support
service needs. If an entity waits in the queue
longer than their Bed Patience attribute value,
they will renege from the bed queue. While

we do not know the exact number, interviews

INTERNATIONAL JOURNAL OF INNOVATIONS IN APPLIED SCIENCES AND ENGINEERING



VoLUME: 8, JANUARY-DECEMBER 2022

with service providers justified assuming that
one quarter of BSY who renege from the bed
queue will exit the shelter entirely and three
quarters remain in the system to use other

support services, thereafter, functioning as
NBSY. All entities, regardless of type, are
assigned service needs-profiles based on
demands discussed in Section 3, Table 1.

Table 2: Youth Stay Attributes — Assigned Values in Triangular Distribution of (days).

. i Triangular

Attribute Definition Group Distribution {Days)
The total time a youth stays in the BSY. 16-20 y.o. (30, 75, 90)

Length of Stay  system while using any requested BSY.21-24 y.o. (60, 120, 180)
SETVICES NBSY (7,14, 30)

- The maxinmm time a youth will wait in . c
Bed Patience the crisis bed queue before reneging BSY, all ages (3.5.7)
Service Patience The maxinmm time a youth will wait in All (1.7.14)

a support service quene before reneging

The entity then enters the support service
sign-up process of the model. This subsystem
operates under two assumptions: (1) if a
service does not have any available
appointments, the youth will enter a waitlist
to receive that service and (2) a youth is able

to be on multiple waitlists at a time. To

implement the model logic, an original entity
is duplicated four times to represent five
concurrent service assignments, as seen in
Figure 2. Each of the five identical entities
undergoes a parallel service sign-up process
to acquire appointments for each desired

support service simultaneously.

L 4

Original Entity Duplicate 1

Sign-up for

——> Duplicate 2

L

v

Duplicate 4

—— Duplicate 3

| |

Sign-up for Sign-up for Sign-up for Sign-up for
Case Drug Insurance Psychiatric Medical
Management Counselling Enrollment Services Services
Y
Batch into

single entity

Figure 2: Duplicates Proceed through Support Service Sign-ups in Parallel and then Batch.
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The sign-up process for support services is
shown in Figure 3 below, with psychiatric
services as an example. If an entity’s needs-
profile does not list a particular service, the
entity will bypass the queue and not claim
any appointments of that service. Otherwise,
the entity will wait in the queue to seize the
number of appointments it needs of that
service. If the entity waits for any service
longer than their Service Patience attribute,
they will abandon the queue and bypass that
service. Once all duplicates have gone
through their respective service sign-up
process, they are batched back into one entity

and sent to the final stage of the model.

: e /chucstin\ri\
f/ S on- \ / = \.
Start sign-up | »{_ psychiatric >

| Yes —»|
\_ subprocess /

. services?
4
|
No

“‘Skip service sigﬁ-",
up /

Join waitlist for

psychiatric
services

appointments

Any youth that reneges from all assigned
services—and thus has not claimed any
appointments—Ieaves the shelter. Otherwise,
the entity stays in the system and uses any
bed or support services they have seized for
the remainder of their assigned length of stay.
Once the entity has stayed the duration of its
stay time, it releases all appointments and
beds it has claimed and leaves the system.
Our model assumes that the system does not
track repeated visitors. That is, if a youth
leaves the shelter but returns months later to
the simulation

receive more services,

processes them as an entirely new entity.

Sign-up for
psychiatric
services
appointments

/" Is the wait ™\
»< )

< o >— No—»
“time too long?/

Yes

h 4 _ ~ h 4

( ity /" Use service
| Balk from waitlist| \ :
y, \_ appointments

Figure 3: Psychiatric Services Sign-Up Process Flow.

Verification and Validation

To verify the simulation model, we consulted

service providers regarding our logical
process flow, assumptions, and outputs. Each
shelter organization in NYC is unique in the

population it serves, services it provides, and
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its process flow, which creates barriers for the
model’s transferability. Therefore, several
nuances may need to be altered to generalize
and apply the model to other shelters in NYC.
Nonetheless, service providers verified that

inputs and outputs of the simulation do reflect
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the real-world conditions. We intend to
validate specific outputs as more primary

data becomes available.
RESULTS
Baseline Run

We ran the model for a one-year warm-up
period prior to collecting statistics for another
full year run with 100 replications. In that

year, an average of 1,399 total youth (469

BSY and 930 NBSY) entered the shelter. The
shelter served an average of 1280 youth in
that one year period while 119 abandoned the
crisis bed queue and left the system without
being served. Table 3 below shows the
average and maximum wait times of youth
who did not abandon the queue, the average
utilization, and percentage of RHY who
abandoned the queue for each of the shelter’s

services.

Table 3: Service Wait, Utilization, and Queue Abandonment Statistics in a One Year Period.

Service T?IL%' a;:::') TT;II:I:(I;‘aT:) Avg. Utilization Percent Reneged
Crisis Bed 3.01 8.4 99.8% 25.3%
Case Management 1.84 9.4 98.3% 54.5%
Drug Counseling 5.89 19.6 91.1% 63.8%
Insurance Enrollment 54 16.4 96.7% 63.6%
Psychiatric Services 8.79 24.7 92.7% 68.9%
Medical Services 3.98 12.9 97.6% 56.4%

Crisis Bed Capacity Expansion

Crisis beds are the most critical resource in
the current system, as BSY may not have
another place to sleep for the night. Of the
average 119 youth who reneged from the
crisis bed queue in a year, 28 left the shelter
entirely while 91 stayed in the system and
sought other support services. These results
motivated us to explore the impact of
interventions to improve access to shelter
beds and services for youth. Table 4 and
Figure 4 show the potential impact of the
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shelter acquiring more space and funding to
increase the number of beds. Adding five
beds to the shelter (that is, increasing from 66
to 71 beds) does not appear to have a strong
impact on youth wait times or queue
abandonment. However, adding fifteen beds
(that is, increasing to 81 beds) reduces the
percent of BSY who renege to less than half
of its current value and decreases the average
wait time for a bed by 31%. Furthermore,
adding 25 beds (that is, increasing to 91 beds)

reduces the average wait time to under a day
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(0.8 days) and leaves only 4% of youth
reneging due to the long wait time. If the
shelter were able to add 40 beds to its existing
capacity, the maximum wait time for a bed
decreases to 0.1 days, which is less than the
patience threshold for any youth, leading to
zero youth reneging. This presents an ideal
scenario for the supply of beds to match
demand. Although space and financial

constraints make it unattainable for most

shelters to add 40 beds, any additional beds
can provide more RHY with safe housing.
Adding adequate beds to reduce wait times
has the potential to greatly decrease RHY
vulnerability to exploitative situations. The
greatest need is for crisis beds due to the
current high demand, long wait times, and
queue abandonment rates, and the magnitude
of impact on youth safety provided by

accessing stable housing.

Table 4: Crisis Emergency Bed Capacity Expansion Interventions

Quantity of  Avg. Wait Max. Wait Avg. Utilization Percent
Intervention Beds Time (Days) Time (Days) ’ Reneged
Baseline 66 3.0 84 100% 25%
Adding 5 beds 71 2.7 8.9 99% 24%
Adding 10 beds 76 2.4 11.0 97% 14%
Adding 15 beds 81 2.1 8.9 98% 10%
Adding 20 beds 86 1.1 6.6 96% 4%
Adding 25 beds 91 0.8 7.5 93% 4%
Adding 30 beds 96 0.7 6.6 86% 3%
Adding 35 beds 101 0.3 59 85% 1%
Adding 40 beds 106 0.0 0.1 83% 0%

Impact of adding crisis beds on wait times and number of youth served

th
(=
<

450

Number of Youth Served
e ] (S ) [P I N
rn (=] N (=] i (=] th (=]
o o O o o o o 9

66 71 76 81 86 91 96

(=] [ - I~ I~ L) »
7] 7 th o
Average Wait Time (Days)

=

i 101 106

Number of Beds

EBSY Served

Average Wait Time (Days)

Figure 4: Impact of Crisis Emergency Bed Capacity Expansion Interventions
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Psychiatric Services Capacity Expansion

The shelter we are modelling provides mental
health support in various forms to RHY such
as group therapy, weekly individual therapy,
or seeing a psychiatrist. Even though this is
not a mandatory service, it plays a significant
role in reducing youth’s wvulnerability to
trafficking and exploitation, hence the
service request proportion is at 50% in Table
1. With the existing capacity, 69% of youth

renege from the psychiatric service sign-up.

Thus, we tested interventions for expanding
psychiatric services to determine how many
therapists the shelter needs to hire so the wait
time will be negligibly short. The current
capacity of 56 appointments per month is
calculated based on having four part time
therapists and psychiatrists available four
hours per day, two days per week. Table 5

shows the impact of hiring more therapists.

Table 5: Psychiatric Service Capacity Expansion Interventions.

Intervention Appointments Avg. Wait Max. Wait Avg. Percent
per Month Time (Days) Time (Days) Utilization Reneged
Baseline 56 8.8 247 93% 69%
Adding 1 Part Time Therapist 72 5.9 16.8 94% 66%
Adding 2 Part Time Therapists 88 4.5 15.2 93% 62%
Adding 3 Part Time Therapists 104 3.7 13.8 96% 53%
Adding 4 Part Time Therapists 120 23 11.5 94% 52%
Adding 5 Part Time Therapists 136 1.4 8.2 88% 50%
Adding 6 Part Time Therapists 152 0.5 12.1 78% 50%
Adding 7 Part Time Therapists 168 0.2 4.5 73% 49%

If the shelter has the resources to hire more
therapists, the impact on wait times and
queue abandonment rates is noticeable by
By

increasing the number of part time therapists

hiring just four more therapists.
from 4 to 10, on average, youth will wait less
than a day to be assigned. Considering the
importance of mental health support to RHY,

it is a worthwhile capacity expansion which
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decreases the wait time to acquire psychiatric

appointments and thus increase youth access.
CONCLUSIONS AND FUTURE WORK

This paper a discrete event

simulation model of a crisis shelter for

presents

LGBTQ+ runaway and homeless youth and
young adults in New York City. The model
simulates the process of youth seeking,

acquiring, and using the services that they
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need within the shelter. Services include: a
crisis emergency bed, case management,
drug counseling, insurance enrollment,
psychiatric care, or medical assistance. The
simulation is useful for evaluating
bottlenecks and shortcomings of the current
system and for testing interventions to
expand the capacity of certain services.
Through expanding the capacity of the
services within the shelter, more RHY will be
able to access shelter support services with
less wait time, reducing their vulnerability to
exploitation and improving their quality of

life.

Applying DES to youth homelessness
services presented several challenges and
limitations. While we took care to base model
inputs and parameters on realistic data and
conversations with youth and service
providers,

impacted by COVID-19, and therefore as

primary data collection was

additional data becomes available the model
can be updated to reflect the most recent
trends. Additionally, while evaluating the
capacity expansion interventions, we assume
that the demand for crisis-emergency beds
and support services remain constant, since
increasing the availability of shelter services
would not create more homelessness and

increase the demand. Hence, exploring the
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effect capacity expansion has on demand is

an area left for future study.

Future work can expand upon the structure of
the presented model to a variety of different
applications. For example, the model can be
adapted and applied to similar crisis housing
and drop-in shelters by simply altering input
parameters and the services offered.
Furthermore, the model could be expanded to
simulate multiple shelters simultaneously
and provide a representation of the youth
shelter system in NYC (or other cities) as a
whole. Youth crisis shelters form a complex
network in NYC; RHY may use resources
from various shelters or move between
shelters depending on availability. Modeling
the shelter network is an area of further
research with great potential. Applying
simulation and other analytical tools to
homelessness and human trafficking
provides a new perspective on solutions that
makes the best use of humanitarian aid given
the limited resources available. The results of
this simulation model and further work may
be used to communicate the importance of
services to

expanding youth shelter

policymakers, funders, and service providers.
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