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ABSTRACT

The need for Long-Term Care (LTC) arises in the elderly population, especially those reaching
age 65 each year. This elderly population will grow tremendously in the United States over the
next decade, resulting in short- and long-term challenges of matching resource capacity with
uncertain demand for hospitals and other healthcare providers. This paper describes research
involving the development of a simulation model of patient flow in order to understand the
relationship between capacity and demand, and to investigate the impacts on performance
measures such as average wait times for LTC patients. We propose an aggregate capacity
model to consider patient flow among various types of care providers by integrating hospitals,
nursing homes, assisted living facilities, and home health care. Using the data including patient
demographics and service provider information, we forecast patient demand for LTC. The
computational results demonstrate the efficacy of a simulation-based optimisation solution
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approach for capacity planning.

1. Introduction

Long-Term Care (LTC) includes different types of care
services to meet medical and non-medical needs of
people who have difficulty caring for themselves for
prolonged periods of time as a result of chronic disease
or disability. While most LTC is accessible to people
of any age, it is a more common need among ageing
populations.

The population aged 65 years and older in the United
States numbered 43.1 million in 2012 according to
Administration on Ageing in Department of Health and
Human Services (HHS) (2014) as depicted in Figure 1.
This elderly population represented about 13.7% of the
US population in 2012 and has increased by 21% (7.6
million) since 2002, compared to an increase of 7% for
those who were under 65. As life expectancy increases
and more people are entering an age in need of care, the
US health care system needs to find sustainable ways
to cope with the demographic shift. According to the
US Centres for Medicare and Medicaid Services [CMS]
(2014) about 12 million Americans over the age of 65
will need long-term care in 2020, increased from 9 mil-
lion in 2006. A study by HHS estimates that 40% of peo-
ple reaching age 65 will enter a nursing home at some
point in their lives, 10% of whom are expected to stay
there five years or longer.

Under the Affordable Care Act (ACA) in the United
States, states can afford new and expanded opportuni-
ties including enhanced federal financing by adopting
several provisions to improve deficiencies in the nation's
long-term care system. The ACA provisions impacting
Medicaid Long-Term Services and Supports (LTSS)
include new options and financial incentives for states
to provide home and community-based services with
improved access to and delivery of healthcare. This will
affect patient demand for healthcare resources and as a
result change patient flows in a healthcare network that
includes LTC.

The need for LTC arises mostly in the elderly popula-
tion with chronic disease or disability, whereby causing
limitations from activities of daily living (ADLs) such as
walking and eating to instrumental activities of daily liv-
ing (IADLs) such as driving and shopping. LTC services
can be provided in a variety of settings including homes,
adult daycare centres, residential/community care facili-
ties, assisted living facilities, and nursing homes. When a
serious illness occurs or family care givers are no longer
available to provide assistance, independent living may
no longer be viable, prompting many patients to require
adjustments in their living arrangements by seeking
assistance for personal care and resorting to nursing
homes and assisted living facilities.
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Figure 1. Growth of population aged 65 and over in US.
Source: US Department of Health and Human Services.

According to the US Bureau of the Census (2014),
the number of residents aged 65 and older in the
Commonwealth of Kentucky was estimated at 616,000
in 2012, accounting for 14.2% of the state total popula-
tion, and over 1 million in 2032 (Houser et al., 2012). A
large number of the baby boomer generation reaching
65 each year is expected to accelerate the growth within
this age group in many counties over the next decade.
With the increase in state elderly population and the
new healthcare mandate, hospitals and other types of
healthcare providers in the region will face short- and
long-term challenges of matching fixed resource capacity
with uncertain variable demand. Despite this significant
implication of the national and regional healthcare sys-
tems, however, very little attention has been given to the
issue of planning LTC capacity.

Based on a recent publication by the AARP Public
Policy Institute (2015) that reports LTC services and
support state by state, 81% of the Kentucky Medicaid
funds are spent on ageing and disability on institu-
tional care whereas 19% on community-based care in
2009. Moreover, waiting lists for many programmes
initiated by the Kentucky Department of Ageing and
Independent Living involve waiting times as long as five
years. In addition, more than 730,000 Kentuckians are
considered unpaid family caregivers often due to the
fact that the LTC cost remains high and unaffordable
for most middle-income families.

Motivated by these observations, we propose a
discrete event simulation model that quantifies the
projected demands and capacities, and identifies the
corresponding LTC service gap for healthcare provisions
in each of the Kentucky Area Development Districts
(ADD) areas (see Figure 13 in Appendix Al). A simu-
lation-based optimisation solution approach for demand
forecasting and system capacity planning is developed
to provide better service to LTC patients. Furthermore,
with the use of the model, we investigate the impacts
of statewide improvements on a Kentucky LTC system.

In our review of prior research, there exist few simu-
lation studies that have addressed the healthcare system
in an integrated manner. Our aggregate and quantita-
tive approach provides insights to the current and future
LTC status of a region, and exploits large-scale data to

obtain tractable solutions. Overall, the results of our pro-
posed model and solution approach discussed in this
study demonstrate potential impacts on patient wait
time, resource utilisation, and provider service quality
by jointly considering patient inter-flows among sev-
eral healthcare facility types in a long-term healthcare
network.

2. Related literature

Only a handful of modelling and solution approaches
have been proposed to address the problems related to
the separate healthcare operational processes in LTC.
In contrast, a vast majority of research with regard to
managing healthcare capacity is devoted to acute care
facilities. For example, some studies have focused on
capacity planning for specific medical services such as
intensive care units (Ridge et al., 1998) and bed capac-
ity in hospitals (Harper & Shahani, 2002), while other
studies have modelled bed allocation for various health-
care service settings such as a public healthcare deliv-
ery system (Kao & Tung, 1981) and a hospital inpatient
department (Vassilacopoulos, 1985).

Understanding the progression of patients through
healthcare facilities would provide an insight about spe-
cific patient needs to deliver quality healthcare, and fur-
ther help healthcare providers better allocate resources
(Cote & Stein, 2000; Fetter & Thompson, 1968). A
patient flow model can, in turn, effectively measure
the impact of different care and treatment decisions on
resource utilisation, patient outcomes, and costs (Davies
& Davies, 1994). In particular, the outflow of patients
from acute care into other healthcare facilities remains
important when hospitals face severe bed blockages
due to the inability to expedite discharge processes
of their patients. Maintaining sufficient capacity at a
downstream level and determining an optimal policy
regarding the discharge of hospital patients waiting for
placement in LTC can mitigate this type of congestion
(Patrick, 2011; Patrick et al., 2015). In the same vein, the
optimal capacity for publicly funded community-based
LTC facilities was studied using optimal control theory
(Lin et al., 2012).

A substantial amount of chronic care takes place out-
side hospitals (Bodenheimer et al., 2002), and notable
impacts of improvement in community-based health-
care on the outcomes of various chronic diseases have
been reported (Tsai et al., 2005). Hare et al. (2009)
proposed a deterministic Markov model of the home
and community care service system for patients with
various healthcare needs including acute and chronic
disease. The model was used to predict changes in the
age demographics as well as the relationship between
age and health status, and it provided strategic provin-
cial and aggregate level decisions without considering
patients individually and any specific service level. A
similar Markov model by Kucukyazici et al. (2011) was



also used to provide an analytical framework for design-
ing community-based care to patients with a specific
chronic disease. The proposed approach facilitated iden-
tifying the patterns of care, assessing the care provider
visits as well as patient characteristics, and estimating
the potential influence of policy interventions on patient
outcomes.

Developing a large-scale network of LTC requires
properly predicting future demand and planning LTC
service resources. Cardoso et al. (2012) presented a sim-
ulation model to develop such networks and considered
demand uncertainty by combining various scenarios
with probabilistic sensitivity analysis using Monte Carlo
simulation. The model used socio-economic and health
characteristics of the population at the small area level
to define the need for LTC. In order to better estimate
uncertain demand for LTC, it is necessary to capture
patient flows accurately throughout a healthcare net-
work. A simulation approach to healthcare problems can
provide the basis for better understanding of solutions by
examining the outcomes of making different decisions.
Evidently, simulation has been used in a wide range of
healthcare applications such as optimal allocation of
hospital resources (Brailsford & Hilton, 2001), opera-
tional planning of emergency departments (Connelly
& Bair, 2004), and assessing the impact of long-term
care policies on informal care providers (Ansah et al.,
2013). A patient flow model using simulation method-
ology has demonstrated that it can effectively assess a
complex healthcare system and contribute to making
critical decisions and planning new policies that improve
patient wait times, reduce length of stay (LOS), and facil-
itate patient throughput (Jun et al., 1999). Zhang et al.
(2012) solved a capacity planning problem for long-term
care and developed a decision support system (DSS) for
use in practice. Their approach used demographic and
survival analysis for demand forecasting, and discrete
event simulation and optimisation to achieve target ser-
vice levels of wait time.

3. Model development

We develop a discrete event simulation model using
commercial software (Simio) in conjunction with a
simulation-based optimisation solution approach for
demand forecasting and capacity allocation. The pro-
posed LTC patient flow model integrates various health-
care provider types beyond LTC facilities, and captures
patient flows between the facilities in order to estimate
key performance measures of service levels, e.g., patient
wait time, bed utilisation, and number of patients wait-
ing beyond a threshold. In this section, we describe the
use of input data as well as a patient flow system of a
healthcare network used for the proposed model.
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3.1. Inputdata

Two data-sets used for this study including patient
demand and service provider information were obtained
from The Office of Health Policy under the Kentucky
Cabinet for Health and Family Services. The Kentucky
Inpatient Hospitalisation Claims Files is an annual report-
ing of each patient encounter in a Kentucky hospital
including patient demographic information, hospital
identification, and detailed patient care data including
discharge and transfer. For example, an annual data-set
contains about 650,000 records, each of which has up
to 100 attribute fields (columns) to fully describe an
inpatient stay. The Kentucky Claims Data-Set includes
hospital (inpatient, emergency department), ambulatory
surgical care, long-term care, home health, and hospice
services pursuant to administrative regulations. Each
record in these reports provides information by pro-
vider or facility, and contains the number of licenced
beds, beginning census, admissions, discharges, ending
census, total patient days, occupancy percentage, age dis-
tribution, and payor source. These records are organised
by provider type and Area Development District (ADD)
which comprises several adjacent counties.

Furthermore, patient data from the reports are ana-
lysed in four groups; by gender (male and female) and by
age (265 and <65 years). The type of discharge or admit
source are designated as home, hospital, LTC, hospice,
and other. The data reporting period covered the five
years from 2008 to 2012, inclusively, for all facilities com-
plying with licencing and regulation reporting require-
ments. The statistical data collected from each individual
facility are aggregated by county, ADD, and state total.

Figure 2 shows a trend in both the hospital patient
visits and the long-term care patient admissions that
occurred in Kentucky. While the number of hospi-
tal patient visits are decreasing, long-term care visits
are increasing over the years. The hospital visits were
approximately 650,000 in 2008 and 623,500 in 2012, a
decrease of 4.1% over the 4 year period. During this
same time, long-term care admissions increased from
approximately 54,500 to 58,300, resulting in an increase
of nearly 7%.
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Figure 2. Cumulative percent change in patient admissions for
hospital and LTC.
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Figure 3. Model process overview.

Figure 3 depicts an overview of the modelling pro-
cess. We utilise two sets of database to import and
process data for the simulation model. The first set of
data including bed capacity, length of stay, admission,
discharge, ADD, provider type, and year comes from
the annual state report. The second data-set is obtained
from US Census data to generate patient arrival rates
reflecting population growth, and is subsequently used
for forecasting LTC demand.

3.2. Patient flow

All healthcare providers including LTC facilities are
licensed by the state through the Office of the Inspector
General (OIG) and provide one or more of the different
types of care. Acute Care hospitals are defined as facilities
providing medical or surgical services including physician
services and continuous nursing services for the diagnosis
and treatment of patients who have a variety of medical
conditions. They are also capable of providing care on
an immediate and emergent basis through an established
Emergency Department as well as continuous treatment
on its premises. Long-Term Care facilities include nurs-
ing homes, i.e., Skilled Nursing Facilities (SNF), and
Intermediate Care Facilities (ICF), which typically have
inpatient beds with doctors, nurses, and health care aides
available 24 h a day. They provide medical services, assis-
tance with ADLs, as well as continuous nursing services.

A majority of skilled care patients need treatment simi-
lar to inpatient care but not continuous hospital services,
e.g., recovering from a surgery or post-acute care rehab.
Intermediate care patients are those who have completed
skilled care and cannot rehab to the point that they
are discharged to a higher level of independent living
such as home, or to an assisted living facility. Similarly,
Assisted Living Facilities (ALF) provide varying degrees
of health-related services, and assistance with IADLs, for
patients who require care and services beyond the level
of room and board due to their mental or physical condi-
tions, but not to the degree of care and treatment which a
hospital or skilled nursing facility is designed to provide.
For example, they coordinate personal care services with
trained staff, supervise resident ADLs, and assist with
the administration of medication. Home Health services
refers to a combination of health care and social services,
e.g., skilled nursing care, physical therapy, and continued
occupational services, provided to individuals in their
homes or communities. Patients residing in ALFs range
from independent living to those whom are under the
care of a doctor and their care plans are established and
reviewed regularly by a doctor and coordinated by a home
health care agency. Hospice services are typically given at
home, SNFs, ALFs, or hospice care facilities, and include
symptom relieving care and supportive services address-
ing the physical, spiritual, emotional, and economic needs



of terminally ill patients and their families. The type of
services range from medical care and nursing care to
counselling and social services.

We focus on patient flow among the healthcare pro-
vider types, especially those in need of LTC service
along their pathways. Figure 4 illustrates the flow of
LTC patients considered along with the queueing dis-
cipline and interrelations of different facilities in the
model. An entity (or a patient) is generated based on
its demand arrival distribution, and its assigned attrib-
utes of age and gender. A patient seeks care as an acute
care patient or directly enters under the long-term care
needs, and the path of their care allows for transition
among the different types of care which is modelled by
assessing transition probabilities (A’s within LTC facili-
ties; w’s discharge rates; and 7’s between acute care and
LTC facilities) in accordance with the patient data-set
including Discharged from and Discharged to. For exam-
ple, in addition to new demand for hospital care, patients
in need of acute care are populated arriving with a rate
of 1, (defined by facility type origin and destination)
from other types of care including LTC, i.e., SNF and
ALE A patient will occupy any bed if it is available, or
wait in a queue otherwise until the next bed is freed
up. Individual facility location (or building), whether
hospital, SNF, or ALFE, is represented in the model as a
single-queue resource with the capacity equivalent of its
number of beds. On the other hand, home health care is
assumed to have enough capacity, and thereby there is

Acute Care (Hospital)
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no wait time involving with its patient demand. When
each patient entity is generated for a particular type of
care, it is randomly assigned to one of the corresponding
facilities. The queueing discipline used in the model is
First-In First-Out (FIFO) for all facility types. The LOS
service time for each patient differs according to the
patient group by ADD, age, and gender. When the care
for a patient is completed, the patient is either transferred
to another healthcare-type facility or discharged home.

4, Methodology

Patient data were analysed in four groups by gender
and age in order to estimate demand and LOS for each
patient class. In this section, we describe the methods
used for forecasting patient demand as well as for fitting
sampling distributions to LOS data.

4.1. Patient demand

Based on the population data provided and projected
from 2010 to 2050 by age, gender, state ADDs, and coun-
ties, we estimate the volume of patient demand for future
years. The data shows that the volume of demand varies
by age, gender, district as well as healthcare-type facility.

A Non-Stationary Poisson Process (NSPP) is a Poisson
process with rate parameter A(t) which changes over
time ¢. If a system experiences arrival loads that change
within the simulation time horizon, a NSPP facilitates
modelling stochastic time-varying arrival patterns and

Long-Term Care

Inpatient SNF
Facility 1 FCac'“-tS Single QueueFIFO)
Facility 2 Facility 2 Multiple ServerdBeds)
Facility n Facility n
Transition M)
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Acute (ho) (A
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to AC(t2)
Facility 1 ALF
Facility 2
acility Facility 1 )
: Facility 2
Y o)
Facility n
Facility n
| |
| |
| }

|
I ()

Figure 4. Patient flow in a healthcare network.
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capturing the change of system behaviour accordingly
(Lewis & Shedler, 1979; Ross, 2006). For each patient
arrival stream, a more accurate representation of the
buildup of arrivals over time is achieved using an NSPP
with a piecewise-linear rate function such that the arrival
rate varies continuously as a function of time.

The patient demand arrival generation procedure is
described in Equations (1)-(4) as follows.

Step 1. Let Xfl, Yfl, and Rf denote patient demand,
population size, and the ratio of patient size to popu-
lation for group d in year t, respectively, then we have

- =R (1)

Using the historical patient demand and population
census data for five years between 2008 and 2012, we
initially generated R for each patient data group d = 1,
2,3,and 4 based on age and gender, and t = 2008 to 2012.

Step 2. An exponential smoothing method is used to
analyse time series data to make forecasts by assign-
ing exponentially decreasing weights over time.

$=aR!  +(1-)S! )

where a is a weight and $7 is the resulting smoothed
statistic of R%. By substituting iteratively for S, we have
a five-year exponential moving average

S =af{R", +(1 - )R, + (1 —a)R’,

+(1—ayR, +(1—a)R..} (3

d _od
where R{_, = S/,

Step 3. To find the estimated patient demand in year
t, we multiply the ratio smoothing factor S? by the
projected forecast population Y

X =iy, (4)

where X is the patient demand estimate for group d in
year t and accounts for the increase in the number of
patients, reflecting the population growth.

Step 4. Patient demand arrival follows NSPP with the
mean arrival rate A,(t) varying at year ¢ for patient
group d, and A,(¢) is adjusted accordingly based on
X resulting from Step 3.

4.2. Length of stay

All licensed healthcare providers are required to report
to the state agency data on cost, quality, and outcomes
of healthcare services provided in Kentucky. Among the
available historical data, the length of stay data during the

reporting period is collected by facility type (e.g., hospital
inpatient). LOS is one of the common statistics measured
and predicted by healthcare providers and is often used
for the purpose of operational improvement, resource
planning, and quality control. In this study, LOS is used
to model a service time from admission to discharge that
a patient spends at each healthcare-type facility.

Determinant factors of LTC demand, in particular, are
known to vary by both demographical and geographical
levels (Waldo & Lazeby, 1984). Consequently, the pat-
tern of LOS can widely differ among the patients flowing
between multiple types of LTC services at the small area
level (Xie etal., 2005). A typical LOS distribution is skewed
to the right (i.e., a long-sided tail on the right side) due
to some patients staying for an extended period of time,
resulting in higher LOS values than average. Harrison
and Escobar (2010) reported that multistage models are
effective to explain this type of skewed LOS distribution
for a broad mixed group of patients as well as a restricted
group of patients conditioned on treatment, diagnosis, or
severity of illness. Given that there are various patterns
of LOS distribution, Marazzi et al. (1998) tested three
widely used statistical models (Lognormal, Weibull, and
Gamma distributions) to fit to a large amount of LOS
data over the several years. The study was designed to
estimate homogeneous parametric models for LOS data
grouped by diagnosis and also to suggest trimming rules
to overcome the cases of having outliers.

Similar to the patient arrival demand, a further analy-
sis of LOS data shows that there is a significant difference
by gender and by age, let alone patient disease conditions
themselves, among the residents admitted to an LTC
facility (Forder & Fernandez, 2011). Using a goodness-
of-fit test, we determine statistical distributions to obtain
best fit to the average LOS data, and the input parameters
corresponding to facility type, gender, and age are esti-
mated accordingly. The data used for these distributions
represent all hospital stays in Kentucky recorded in 2008
through 2012, resulting in 60 different fits specific to
ADD, gender, and age. Table 1 shows a sample of the
hospital LOS distributions.

Table 1. Hospital LOS distributions in selected ADD’s by Each
Patient Group (days).

Patient Patient Patient Patient
group 1 group 2 group 3 group 4
(female, < (male, < (female, > (male, =
65 years) 65 years) 65 years) 65 years)
ADD3 0.5+Lognor- 1+116 * 0.5+Gam- 0.5+Gam-
mal(3,3.2) Beta(0.6, ma(5.2,24) ma(5.4,2.3)
21.7)
ADD8 0.5+Lognor-  0.5+Lognor- 0.5+Er- 0.5+Gam-
mal(2.1,1.9)  mal(2.1,2.1) lang(3.7, 3) ma(4.2,1.5)
ADD9 1+Exponen-  0.5+Lognor- 0.5+Gam- 0.5+Gam-
tial(2) mal(2.6,2.8) ma(4.8,24) ma(3.9,23)
ADD10 1+Exponen-  0.5+Lognor- 0.5+Gam- 0.5+Gam-
tial(2.7) mal(3.5,4.1) ma(5.3,2.3) ma(5.8,2.2)
ADD14 1+103 * 0.5+Lognor-  1+Exponen- 0.5+Gam-
Beta(0.7, mal(3.3,3.8) tial(5.1) ma(4.4,2.3)
31.4)




4.3. Demand estimation

The NSPP demand process is validated first in order
to use LTC patient demand in future years as input to
our simulation model. We estimate ratio parameters
using the patient demand data from 2005 to 2009 with
a = 0.5 and validate them by comparing the estimated
and actual demand values from 2010 to 2012 as in Table
2. The selected geographic region for data statistics is
ADD 6 which includes Jefferson, Oldham, Trimble,
Henry, Shelby, Spencer, and Bullitt counties in Kentucky.

First, the actual demand in each category (female,
male, <65, and 265) increases on average by 3.7, 3.7,
9.7, and 2.8%, respectively, from 2010 to 2012, showing
the increasing trend of demand for LTC. Note that the
demand in age of 65 or older is about six times larger
than that in ages younger than 65. Also, the ratio of
female to male patient demand is an average of 1.35
during the same period. The gap between estimated and
actual demand for each group per each year is between
—4.4% (underestimated demand) and 1.6% (overesti-
mated demand).

With the demand rates generated by NHPP above,
future LTC patient demand over the planning horizon
can be further estimated. We considered multiple sce-
narios where the current LTC capacity (i.e., total number
of LTC licenced beds available in ADD 6) was assumed
to be annually increased by 0% and 3%, and then com-
pared to projected LTC patient demands reflecting pop-
ulation increase for 10 years from 2013 to 2022.

Figure 5 compares the projected LTC demand with
the bed capacity of two scenarios in ADD 6. The esti-
mated demand in 2013 is 5,117, resulting in bed occu-
pancy rates of 85.6% comparable to the actual 85.1%
from the state report. As the demand increases over the

Table 2. Comparison of actual and estimated LTC demand
(number of patients) by gender and age in ADD 6.

(2010) (2011) (2012)
Esti- Esti- Esti-
Actual mated Actual mated Actual mated
Female 8,882 9,014 9,256 8,969 9,550 9,163
Male 6,578 6,634 6,857 6,851 7,074 6,920
<65 2,031 1,976 2,122 2,028 2,438 2,477
265 13,429 13,016 13,991 13,882 14,186 13,917
demand forbed = ==0 ====- capacity at 0% increase per year
= = = capacity at 3% increase per year
., 9000
o
& 8000
S 7000
S 6000
€
2 5000

4000
2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

year

Figure 5. LTC demand with capacity scenarios for ADD 6.
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next five years if the capacity remains unchanged (0%
increase), the demand exceeds the current capacity after
2018, and it is necessary to consider more resources to
accommodate potentially overflowing patients in need
of LTC in the region or their waiting times are expected
to grow rapidly over the following years. On the other
hand, 3% annual increase of capacity would help keep
up with the demand projection through 2022 over the
planning horizon.

5. Simulation experiments

The simulation model begins with empty state in the
system, and three preliminary replications were run
for multiple years in order to determine the warm-up
period, the steady-state utilisation levels of SNF and ALF
were observed after 348 and 295 days each. By taking the
longer period and taking a conservative approach, one
year is set as the warm-up period. In order to determine
an appropriate number of replications needed, we use
the following approximation from Law (2013).

i>né=

Liticaz V $*(n)/i <
7

n % (y) = min —
| X ()

where y" = y/(1 + y) is the adjusted relative error, n is
the initial number of replications, and i is the number of
replications to determine by the threshold y. For a given
replication 1, X (1) and $3(n) represents the sample mean
and sample variance, respectively. Having y = 0.050r
y" = 0.048 and a confidence interval of 95%, nine repli-
cations i = 9 was selected to have the values of § (0.042,
0.033), which are less than the predefined y' value of
0.048 when estimating the sample average utilisations
of SNF and ALF (0.893, 0.687).

5.1. Model validation

The simulation model developed in this study is vali-
dated to ensure that the model behaves in agreement
with the real system, thus, can be used effectively for
prediction. With bed occupancy rates being the availa-
ble statistics reported to our obtained data-sets, they are
used as bed utilisation for validation, and Figures 6 and
7 compare the observed and simulated bed utilisations
from 2009 to 2012 by LTC facility type (SNF, ALF).
Across the ADDs, the simulated utilisation for SNF
or ALF beds are steadily rising during the period 2009-
2012 due to the patient demand increases. For the same
span of time, the observed utilisations for SNF or ALF
show mostly similar trends of increase. In either facility
type case, the simulation model slightly underestimates
the actual values. To better understand the gap between
them, we assess the percent deviation, which is a meas-
ure of relative deviations of model estimates from actual



8 K.-H.BAE ET AL.

‘aqy Aq suonesijin paq 4NS PaAISsqo pue pajejnwis *g ainbi4

Jea ieaj
2102 1102 0102 6002 2102 110z o010z 6002
T T T T 0 T T T r 0
. 1o 1o
- z0 z0
L £0 ¢ 50
- vo o - vo o
POAIOSA0 GLOGY INS e o DOARSA0 L0V INS —e— oo
POIEINWIS GLAAY INS = @ = s PORINWS OOV INS = @ = s
. 90 & 90 &
2 =
b 103 0 =
L 20 - 80
% _————————
L 60 O e => 1 60
| | ! | ' i | | 1 '
uones|inn PaAIBSqO "SA PaeINWIS §LaAY 4NS uones||nn PaAIasqO ‘sA pajeInwis aay ANS
Jeaj Jea )
210z 1102 0102 8002 ; 2102 110z 010z 8002 .
: : : : : : B
. 1o 1o
S z0 zo
£0/ 05 £0 ¢
- vo o - vo o
[T —— a0 PORRSA0 100V INS G0 =
POWINWS 90QY INS = © = = PORINUAS 10OV INS = @ = =
L 90§ . 90 §
L 103 L 103
- 20 s 80
S &—w———e-@-=-—-~"-" )i i, o
L P === 60 L ] 50
| L L L ' " | L L '
uonesiinn PaAIasqO “sA paje|nwis 9aav ANS O 'SA IS LOAV 4NS




HEALTHSYSTEMS (&) 9

'aqy Aq suonesijin paq 47y PaAIRSQO pue pajenwis */ 24nbi4

Jeap Jeap
2102 1102 010z 6002 z10z 10z 010z 6002
T 0 0
+ 10 + Lo
L zZo t Z0
£0 5, £0 5,
DoARSG0 LAY 3TV =t Z DANBSGO0 LAY TV =t =
poRINWS LAQY 4TV = @ = vo o PeRINWS LOOY 4TV = @ = vo o
& &
L wcm + o e eeeeogeommmm=—m====== Py mcm
- 90 § + 90§
g g
- 20 F L0
L o 80 + 80
~ ||||O|||ll|||9|||||‘|\|L
&=
s 60 H 60
L L L L ' " L s "
uopes|N PaAesqQ "SA peje|nwis §Laav 41V UORES|IIN PAAI9SqQ 'SA pajeInWIS LaaV 4TV
Jeap Jeap
zHz 10z 010z 6002 z0Z (1174 0102 6002
T T 0 T
L 1o H 10
- z0 + z0
£0 €0
POABSA0 90QV 4 1V =t z PONESG0 LAY 31V =t z
PARINWS 900V 4TV = © = v0 o PORINWS LOQY 4TV = © = vo o
I S0 W + S0 W
+ p 920 § + 90 ¢
A v PR = -3
- ' + 103 H 03
- 20 H = 80
a em == @ - ———— B e einied
&=
- 60 H 60

UORES|IN PaAIESHQ "SA pajenwis 90aV 4TV

uoREs||IN PaAISsSqQ 'SA pajEINWIS LAV 4TV




10 K.-H.BAEET AL.

values, by calculating $ — O, where § and O are simu-
lated and observed utilisations, respectively. With the
exception of ALF bed utilisation in 2009 for ADD 7, all
other deviations between simulated and actual utilisa-
tions are less than 5%.

Additionally, Figure 8 provides the variations of per-
cent deviation in reference to 0%. The percent deviation
averaged by ADD1, ADD6, ADD7, and ADD15 over
four years is —2.31% for SNF bed utilisation, and that for
ALF bed utilisation is —3.38%. The deviations between
model estimates and actual observations are determined
to be reasonable for validating the model.

Computational experiments of the simulation model
hereafter in the next subsections are conducted such that
the length of each simulation run is multiple (5, 10, and
15) years in addition to one year of the warm-up period.
Statistical outputs of performance metrics are obtained
after nine independent replications.

5.2. ADD analysis

Output measures are the average number of days a
patient waits for an LTC bed, and the total average days
a patient spends in the system if it involves care in an
LTC facility. Using the average days of waiting for an
LTC bed, a service quality is determined. In addition,
the utilisation of available beds in ADD for each facility
type is reported. The number of days waiting for a bed
and the number of days spent in the system are reported
on the four patient types of age and gender. The model
is run based on 5, 10, and 15-year forecasting of patient
growth. The preliminary results indicate that the maxi-
mum difference of waiting times by gender is only a few
days. While, given this negligible difference, the results
based upon gender are averaged, age remains as a sig-
nificant factor.

5.2.1. Waittimes

With the primary focus of this study being on patient
flow that involves LTC, we consider the effect of patient
growth on wait time for a bed with the forecast period of
10 years. Patient entities are divided into four age groups:
G1, G2, G3, and G4 denote each class of patients whose
ages range from less than 50, 50-64, 65-80, and greater
than 80, respectively. Table 3 presents the results of aver-
age wait times by these patient age groups as well as by
facility types (SNE, ALF) and ADDs. In addition, the
half width of 95% confidence interval for each output
statistic is also provided.

Based on current bed availability in a given ADD, as
the ageing population is projected to increase over the
forecasting period, the demand, thus wait time, for a bed
rises. The lower wait time in ADD 6 or ADD 7 in compar-
ison with the others are attributable to adequate supply
of bed capacity in metropolitan areas despite their large
populations. This is consistent with the recent trend of
migration of more acute as well as LTC facilities leaving

from rural to urban areas because of financial deficits in
Kentucky. In contrast, for example, ADD 15 incurs the
longest waiting times 95.7 days for SNF and 116.3 days
for ALF on average. For ADD 1, the average wait time
for ALF is almost twice as that for SNF. This is because
there exists very limited capacity of ALF beds availa-
ble in the region which is predominantly rural areas. It
is noted that patients in the age group G4 experience
longer average wait times with 3-6% than the others for
SNF whereas the average wait times by the patients in G3
for ALF are 4-10% higher than the remaining groups.
Additionally, while no priority is assigned to a specific
age group, the patients of younger age groups (e.g., G1)
show larger variations, which is due in part to a small
sample size of population in this group for LTC demand
compared to other age groups.

5.2.2. Service quality

Service quality is a measure of the likelihood that a
patient, who needs care in an LTC facility, is to be placed
in a bed within a desired number of days. Two thresholds
for maximum days are used to compare the impact on
service quality: a three-day wait and a six-day wait. In
Equation (5), service quality is measured by the proba-
bility of patient wait time less than a threshold.

Pr{WT,(Cap,) < f1>6, t=1,...,15  (5)

where WT,(Cap,) denotes the estimate of average wait
time for a given bed capacity over ¢ years, 8 denotes the
weight time threshold in days, and & denotes a desira-
ble service quality limit. This requires the probability of
patients receiving LTC service within 3 days to be greater
than or equal to 4.

As evident from Figure 9, the service quality in each
ADD is reduced for longer time periods. As such, the
decrements averaged over four ADDs are 27.6 and 13.9%,
respectively, from 5 to 10 year forecast and from 10 to
15 year forecast. Moreover, on average across ADDs, the
difference of service quality between three-day and six-
day thresholds is 11.8% for the 5 year forecast, 8.4% for
the 10 year forecast and 6.2% for the 15 year forecast.

Taking ADD 6 for example, service quality at the
5 year forecast based on a six-day threshold is nearly
100%. However, as the forecast period extends to
15 years, the service quality drops substantially to just
above 40% as the wait time for a bed increases well
beyond the threshold limit. The service quality for ADD
6 diminishes by 52.5% from the 5 year forecast to the
15 year forecast, which is the largest reduction amongst
the ADDs. Due to unbalanced LTC capacity and demand
in the rural area, ADD 1 marks the lowest service quality
throughout the forecast periods in either case of three
or six-day wait time limit. This is ascribed to the high
utilisation rate of the SNF bed capacity and further exac-
erbated by the 100% utilisation of the ALF bed capacity.
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Table 3. Wait times (days) by patient age group and facility
type.

ADD 1 ADD 6 ADD 7 ADD 15

SNF G1 356 285 27.0 94.2
+1.9 +0.8 +1.2 +3.2

G2 332 309 293 93.2

+0.7 +0.6 +0.7 +2.5

G3 363 28.8 27.4 94.8

+0.4 +0.5 +0.8 +1.8

G4 39.1 311 28.1 96.7

+0.4 +0.6 +0.5 +1.6

ALF G1 74.9 18.5 16.5 104.7
+2.1 +0.8 +0.9 +4.4

G2 76.0 21.7 15.1 113.7

+1.5 +0.5 +1.2 +3.8

G3 75.1 21.9 19.5 119.8

+2.2 +1.0 +1.4 +4.2

G4 71.2 22.8 19.0 107.1

+1.7 +0.7 +1.8 +3.3

0O 3-Day W 6-Day

=R
0 O N
o O o

N
o o

Service quality (%)
[o2]
o

Nl

10 15 5 10

o

1

10 15

Mo
5 10 15 5

(Years) (Years) (Years) (Years)

ADD 1 ADD 6 ADD 7 ADD 15

Figure 9. Average service quality forecast using two wait time
thresholds.

5.3. Capacity planning

We investigate the relationship of bed capacity to service
quality, and focus on planning a sufficient number of
beds to ensure that § x 100 percent patients are placed in
service care within 3 days each year. First, service quality
levels are examined when the bed capacity increase is
held at a constant rate over the time periods. Second,
sensitivity analyses are conducted to determine how
much service quality can improve in accordance with
capacity increase, and further, how LOS change affects
service quality. Across all experiments in this section,
ADD 6 is used for further analyses of capacity planning.

5.3.1. Capacity rate increase
As demand for an LTC bed increases over the 15 year
forecasting period, service quality is expected to decrease
unless more bed capacity is added and commensurate
with the demand increases. To measure the model sen-
sitivity in response to this change, we test scenarios with
different levels of annual bed capacity increase in SNF
and ALF facilities over the forecasting period. Figure 10
demonstrates the effects on service quality (f = 6) as
the bed capacity adjusts to meet the increasing demand.
Each line represents a scenario of increasing LTC bed
capacity at a specific rate, while the capacity of acute care
resources remains unchanged as the baseline.

The service qualities for both cases are high at the
5 year forecast in 2020. However, over the next forecast

SNF bed capacity increase rate

—— (0% e 1%

1.20

1.00

0.80

0.60

0.40

Service Quality

0.20

0.00

e amen 3% seeese5%

5 year

10 year 15year

ALF bed capacity increase rate

—— (), = ¢ (5%

1.20

1.00

0.80

0.60

Service Quality

0.40

0.20

- ]% ecseee 2%

5 year

10year 15year

Figure 10. Forecast of service quality with capacity rate change for SNF and ALF in ADD 6.



periods in 2025 and 2030, 1% annual increase of capac-
ity makes little difference to improve service quality
on either side when compared to the baseline. Despite
the capacity increases considered in the scenarios, they
clearly show downward trends in service quality as time
passes. As indicated from the results of wait times, there
exist different needs for additional capacity between
SNF and ALF. Hence, the experiments are designed to
accommodate varying capacity rate increase for each
facility type. In particular, because of projected longer
wait times, higher capacity increases are considered in
the scenarios for SNF in comparison with ALF (e.g., 0,
1, 3,and 5% for SNF; 0, 0.5, 1, and 2% for ALF). Five per
cent annual increase of SNF bed capacity is expected to
maintain the service quality level greater than or equal to
80% through forecast years, whereas 3% annual increase
would not be able to keep up the same level in 2030. On
the other hand, 1-2% annual increase of ALF bed capac-
ity is estimated to support future demand at a sustainable
level, while retaining the service quality of at least 80%
at the 15 year forecast.

5.3.2. Sensitivity analysis
Next, multiple scenarios are designed to allow bed
capacity in ADD 6 to vary each year and investigate the
sensitivity of the model to service quality. Specifically, we
consider annual LOS changes by 0% (baseline), 1%, 2%,
and —-1% for LTC patients, and find the minimum bed
capacity of SNF required each year to meet a predeter-
mined service level (f = 3, § = 0.8). OptQuest, an opti-
misation solver embedded on Simio, is used to search
for an optimal solution. OptQuest employs artificial
neural networks, tabu search, and scatter search, and
combines them into a single search heuristic (Kleijnen
& Wan, 2007). Initial suggested values of input combi-
nation, serving as starting solutions, affect the efficiency
of its search process. Our model selects the simulation
output of service quality as an objective value to min-
imise, while satisfying the constraints of bed capacity.
Further, we limit the minimum and maximum number
of replications as 10 and 50, respectively. With the initial
capacity level of 5,886 in Figure 11, the baseline requires
a capacity increase from 2021 to maintain 80% of the
service quality, while the case of LOS + 1% needs a larger
increase starting earlier from 2020 and up to 6,589 in
2025. When compared to the scenarios of LOS + 2%, the
similar trend entails increases in early years and larger
bed capacities. On the other hand, managing to reduce
patient stays with better treatment and efficient care as
in the case of LOS —1% can delay the need to increase
minimum capacity levels down the planning horizon.
Furthermore, as a point of particular interest to pol-
icy-makers, two policies are examined; proactive and
reactive adjustments of bed capacity. A reactive adjust-
ment policy, as previously represented by the baseline
scenario, changes capacity levels only in response to
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Figure 11. SNF capacity levels for LOS changes in ADD 6.
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Figure 12. SNF capacity levels comparing policies in ADD 6.

demand increase each year, whereas a proactive adjust-
ment policy incrementally adds bed resource in advance,
anticipating likely demand increase in a long-term over
the future. The proactive policy case indicates that it
requires increasing the bed capacity annually by 0.2% in
order to stay above the minimum service quality of 80%
in Figure 12. In contrast to gradual capacity increase in
the proactive policy scenario, a large uptick is observed
from 2021 to 2022 for the reactive policy. More impor-
tantly, when adopting the proactive policy, the resulting
minimum capacity at the end of 2025 is lower by 5.3%.

6. Discussion and conclusion

To facilitate capacity planning for the Kentucky LTC sys-
tem, we analyse patient flow at the individual patient
level by exploiting the flexibility of a large-scale dis-
crete event simulation model of a healthcare system. In
particular, the aggregate approach allows us to obtain
current and future estimates of key system performance
measures such as wait times, utilisations, and service
qualities.
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Patient demographics and available healthcare facil-
ities in each ADD are two factors that have a dominant
effect on the performance of healthcare system. The
results across ADDs suggest a substantial increase in
wait time for an LTC bed over a 15 year population
forecast. The largest percentage increase is observed in
ADD 6 with an average wait time of 21 days at 15-year
forecast. Using current bed capacity, an increase in pop-
ulation demand for LTC care results in driving up uti-
lisation rates. The relative increase in ADD 1, ADD 6,
ADD 7, and ADD 15 vary from 8.1 to 26.3% for SNF
beds and from 10.1 to 27.5% for ALF beds. In all ADDs,
this increasing utilisation rate couples with a reduction
in service quality, and an increase in days to wait for
availability of an LTC bed.

In addition, service quality is measured by determin-
ing how many days a patient is expected to wait for admis-
sion to an LTC facility. At current demand and capacity,
ADD 6 experiences the best service quality at 91 and 99%
for the three-day and the six-day thresholds, respectively.
The increase in demand has an impact on reduction in the
quality of service across all regions as bed utilisation and
patient wait times are on the rise. The forecast of increas-
ing patient demand for LTC has varying impacts on these
quality measures due to initial capacity to accommodate
demand as well as changing demographics by ADD.

In order to maintain service quality, we test various
scenarios by increasing the bed capacity of LTC facilities
over the 15 year forecasting period. An annual increase
of 1% in bed capacity does little to improve service
quality at the 10 and 15 year forecast periods, achiev-
ing only about 60% and 45% of service quality, respec-
tively. However, increasing bed capacity by 5% retains
the service quality level above 90% at the 10 year forecast
period and above 80% at the 15 year forecast period.
Moreover, two sets of sensitivity analyses are conducted
to determine the optimal bed capacity in response to
LOS increase or decrease, and to assess the proactive
adjustment of capacity that involves preemptive action
to achieve long-term sustainability.

We expect that the implementation of our proposed
model will benefit not just the LTC providers and stake
holders but LTC patients as well. The resulting deci-
sions would allow healthcare providers such as hospi-
tals and nursing homes to coordinate and ensure that
patients receive the care they need by providing the right
resources (e.g., number of beds) at the right time, thus,
improving the quality of service for patients, while being
able to reduce potential excess amount of resources.
Moreover, policy-makers can use this data-driven deci-
sion tool to identify where healthcare resources are or
will be most needed by (i) incorporating profiles of the
patient demand for healthcare services, (ii) comparing
to the local capacity of healthcare resources, and (iii)
mapping the distribution of service gaps in a long-term
healthcare network (LHN) on the region of interest.

Recently, the state of Kentucky has rolled out a new
system by implementing the Medicaid waiver, aimed at
efficiently distributing funds for the support of care of
elders. This Medicaid waiver programme allows the state
to shift the funding towards home services in an effort to
incentivise keeping the ageing population in their home
and communities, which has been demonstrated to be
more cost efficient. Our simulation model is expected
to aid the state in reaching expedient delivery of home
healthcare services and rebalancing of distribution of
resources, and in turn saving on LTC expenditure that is
currently deemed unsustainable. Recognising the inter-
play of patient demand and provider service capacity,
the LTC planning process can be augmented by incor-
porating such policy change, e.g., Medicaid waivers, for
an ageing population while estimating possible resulting
patient flow redirection. This is the subject of our ongo-
ing research.
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