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ABSTRACT

Health care capacity decisions are often based on average performance metrics such as utilization. How-
ever, such decisions can be misleading, as a large portion of the costs in service operations is due to the
inability to provide service due to congestion. This paper will review sources of variation that affect in-
patient care capacity and develop a series of models of patient flow in a health care facility. We demon-
strate that even in settings where the patient population and services provided are fixed, models that do
not account for natural variations in the arrival rate and correlation in patient lengths of stay in sequential
units will show the same utilization, but underestimate congestion and the resulting costs. Therefore, we
argue that utilization is an inappropriate measure for validating models and congestion metrics such as
blocking and diversions should be used instead.

1 INTRODUCTION

As healthcare costs continue to dominate fiscal discussions on local and national stages, the optimization
of hospital operational costs has become a pivotal subject in the pursuit of cost management and reduc-
tions. Capacity decisions in hospitals are usually based on a target occupancy level given historical de-
mand (Green 2002, Tonor and Waldhorn 2010). As a result of efforts to reduce apparent excess capacity,
the resulting capacity may lead to risk of an institution’s not being able to provide appropriate care to pa-
tients.

Efforts to optimize healthcare resources should seek to balance the competing interests of providing
service and operating costs. Other domains where capacity decisions are a necessary component of strate-
gic planning have found that that decisions based on average demand and processing time alone may lead
to lower upfront costs, but often lead to operational bottlenecks and shortage penalties because of varia-
bility in demand arrivals and workloads required by each arrival (Brennan and Schwartz 1985, Lee, Pad-
manabhan, and Whang 1997). In a healthcare system, this will manifest as periods of congestion, where
patients meeting criteria for lower levels of care cannot be transferred due to lack of space, and diver-
sions, where patients are sent to other health care facilities due to lack of space at the original facility.
Using historical patient flow data from a tertiary care facility, we demonstrate the effects of different
sources of variability on capacity utilization and congestion through simulations of a series of bed capaci-
ty models.
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2 LITERATURE REVIEW

Most of the literature on capacity modeling in health care facilities does not consider variability. In this
review, we look at some examples of modeling in health care facilities. Then we review literature on
health care capacity modeling that specifically discusses sources of variability and their impact.

2.1 Capacity Modeling for Analysis and Managing In-patient Care/Critical Care Facilities

Modeling efforts in health care face challenges beyond those documented in other application domains.
In a review of over 200 papers on simulation applications to healthcare problems Wilson (1981) found
that only 16 reported that recommendations were acted upon. Brailsford et al. (2009) examined 342 arti-
cles from mainstream academic journal publications. They rated each based on the scale of implementa-
tion. 171 articles (50%) were suggested (theoretically proposed by authors), 153 (44.7%) were conceptu-
alized (discussed with the clients), and only 18 (5.3%) were implemented (actually used in practice).
Katsaliaki and Mustafee (2010) looked at 201 high-quality journal papers published from 1970 to 2007 on
healthcare related simulation research. They found only 11 out of 201 (5.4%) reported on the implementa-
tion of results to stakeholder organizations. Van Lent et al. (2012) performed a similar review using pa-
pers on simulation in health care from 1997 to 2008. Out of 89 papers, 21 reported that the hospital ac-
cepted the results while 16 reported implementation or partial implementation of the recommendations.
They identify a number of factors that tend to lead towards acceptance and implementation including data
availability, validation and verification with historic data, and the use of generic models that present gen-
eral principles.

Modeling efforts in health care face challenges beyond those documented in other application do-
mains. Carter and Blake (2005) describe a sampling of projects they have participated in and discuss
some special difficulties such as issues with data collection, dealing with patient confidentiality, unique
characteristics of each facility, need for greater modeling detail, difficulty in tracking clinicians and points
of decision making, and unplanned critical events. These factors can lead to difficulty in bringing model-
ing projects to completion, being relevant for decision makers, and developing generalizable insights.
Some of the methods typically used by modelers such as limiting the scope of the model and abstracting
some details can lead to the model missing details that lead to incorrect recommendations.

2.1.1 Modeling in Health Care Settings

The bulk of contributions in health care facility modeling can be partitioned into two main categories: (1)
estimating and optimizing patient flow; and (2) reducing operating costs without compromising the level
of patient care.

The first category is driven by the need of many healthcare providers to streamline patient flow in a
way that minimizes delays and maximizes patient satisfaction. Hence, a significant part of the literature
adopts certain patient flow characteristics as an objective and as a starting point for their analysis. In this
context, they examine necessary organizational and resource changes as well as additional interventions
needed to optimize patient admission rates and delay times.

Lowery (1992) presented a simulation model of the surgical suite and critical care areas of a large
hospital. The primary objective was to assess the impact of critical care bed configurations on perfor-
mance measures such as bed utilization, the number of patients denied admission, bumped, or accommo-
dated on alternative units. Harper and Shahani (2002b) demonstrated the importance of modeling the var-
ious types of patient flows when simulating bed occupancies and patient rejection rates. They showed
that the explicit modeling of patient mix results in higher-fidelity models that are able to capture the bed
occupancy fluctuations over time. Cochran and Bharti (2006) presented the methodology underpinning
the compilation and validation of a large-scale simulation model that includes the ICU and telemetry
units. The validation was done using hospital data for an existing facility. The model was subsequently
used to solve a stochastic bed-balancing problem that leads to balanced bed utilization rates that minimize
the blocking of beds across different units.
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The second broad category is motivated by the pressing need to simultaneously reduce hospital oper-
ating costs without compromising the quality of provided health care. While some of the existing litera-
ture includes simulation models to inform resource allocation decisions in budget-constrained environ-
ments, models that consider the effect of bed and staffing allocations have received the most attention.
The latter category of healthcare simulation models is especially relevant to the modeling, analysis, and
management of ICUs.

Williams (1983) developed a simulation model to select the number of beds needed to meet the hospi-
tal standards of care. The model was calibrated with patient data collected over a period of 12 months.
Williams used this model to examine the effect of the number of ICU beds and admissions, transfers,
premature discharges, empty beds and operating costs. Vassilacopoulos (1985) used a simulation model
to determine the number of beds required by inpatient units to satisfy several measures of operating effi-
ciency such as high occupancy rates, immediate admission of emergency patients, and short patient wait-
ing lists. Ridge et al. (1998) investigated the relationship between admission rules and rejection rates in a
single ICU unit where the patients are classified as either emergency or non-emergency and rules incorpo-
rated for diverting patients when bed occupancy thresholds are reached. They highlighted the nonlinear
relationship between the number of beds, the occupancy levels, and transfer rates.

2.1.2 Examination of Effects of Variability

Lowery (1993) constructed and validated a critical care simulation model by examining the occupancy
rates and the number of refused admissions to the unit due to lack of available beds. Harper and Shahani
(2002a) studied the complex relationships between bed allocation, bed occupancy rates, and the denied
admission rate. Costa et al. (2003) illustrated the danger in using only average values to determine the
number of critical care beds in the face of nonlinearity and system variability. By considering alternative
bed configurations, it was shown that using only average values, the bed requirements can be underesti-
mated.

Rauner et al. (2003) use generalized linear models (GLM) to model length of stay (LOS) in order to
study the impact of various factors on hospital reimbursement rates. The GLM included disease code or
surgical procedure, day and month of admission, admission type, and discharge type. This was used to
test hypothesis regarding the significance of the day of week of admission, month of admission, and the
type of admission and discharge. This work resulted in recommendations regarding hospital capacity
planning and operating policies as well as improvements in the reimbursement policies to align hospital
incentives with overall healthcare goal.

Shahani, Ridley, and Nielsen (2008) present a simulation model for a single critical care unit (CCU).
Emphasis was given to the modeling of the patient mix using the CART method to obtain LOS distribu-
tions for statistically different patient categories. (Litvak et al. 2008) use both simulation as well as the
Equivalent Random Method (ERM) to generate the same expectation and variance of overflow in a single
multi-server unit. They allow for three types of ICU patients arriving according to separate Poisson pro-
cesses and use these models to investigate regional ICU capacity in the Netherlands.

Queueing models have also been used to test assumptions about arrival distributions. Kim et al.
(1999) look at an ICU unit where patients come from the general wards, emergency room, elective sur-
gery and emergency surgery. They use an M/M/c queueing model for the ICU and use a simulation mod-
el to test various assumptions. In particular, using a uniform arrival process instead of Poisson leads to
underestimating the number of waiting patients by 2/3. They further come to the conclusion that capacity
issues are not due to the overall capacity of the unit, but to the timing of bed supply and demand.
McManus et al. (2004) compare queueing models against simple averages. Using these models show ex-
ponential increase in rejection rates when utilization exceeds 80% compared to using simple averages.
They comment that the stochastic nature of patient flow may lead health planners to underestimate re-
source needs in busy intensive care units. Griffiths et al. (2006) use a M/H/c/ queuing model, represent-
ing high variability in LOS through a hyper-exponential distribution. They confirm that capacity plan-
ning in the intensive care unit (ICU) cannot simply be based on averages as this may generate an
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underestimation of resource needs during busy periods. Kolker (2009) incorporated day-to-day variability
in a model developed to look at the effects of managing the elective surgery schedule on ICU operations.
Bekker and de Bruin (2010) look at the impact of time-stationarity on the number of required beds and
fraction of refused admissions. They develop approximations of a M,/H/c/c queuing model. They find
that this causes a considerable effect on the reported fraction of refused admissions as the weekday-
weekend pattern of arrivals is taken into account.

2.2 Summary

Reports examining regional hospital bed capacity tend to use average performance based standards for
planning purposes. Traditionally, researchers have used occupancy rates or utilization as this data is read-
ily available in healthcare systems, but this does not account for variation or the fact that not all beds pro-
vide the same capability (Bazzoli et al. 2006).

While there are reports in the literature that discuss the dangers of using average based metrics, sta-
tionary arrival rates, and assuming homogeneous patient populations when modeling length of stay, many
documented models that are used in practice make those assumptions. Reports examining regional hospi-
tal bed capacity tend to use average based standards for planning purposes, with expectations of a certain
percentage of beds over the average (Tonor and Waldhorn 2010), but in reality there is no objective
standard for measuring bed capacity constraints.

Our earlier work (Bountourelis et al. 2011) demonstrated the need to look at medically indicated
length of stay (MLOS) as opposed to actual LOS as well as the need to look at in-patient care throughout
the hospital instead of ICU in isolation, which are lacking in the overwhelming majority of patient flow
models in the literature. This paper will develop an set of models of patient flow that examines the effects
of non-stationary arrival rates and heterogeneous population LOS in a facility that accounts for multiple
levels of care on both average based and service based performance measures. This will demonstrate that
utilization does not reflect congestion and the resulting costs of blocking and diversions.

3. MODELING CASE STUDY

In this modeling exercise, we will develop a range of models with increasing fidelity. We will start with a
mean value analysis that ignores variation, than progressively increase the fidelity of the model by incor-
porating non-stationarity of demand and correlated length of stays in the various units.

The hospital model is of a facility with two patient sources and four levels of care (Figure 1). Patients
can arrive from internal sources, such as clinics or surgery. External sources would include the
emergency department, other care institutions, or direct admissions from home.
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Figure 1: Model diagram of patient sources and units

A patient admission is defined as a sequence of stays in units corresponding to four levels of care:
intensive care, step down unit (a lower level of care than intensive care), monitored (telemetry), and non-
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monitored (general medical or surgical wards without telemetry). Patients can enter at any point, and as
they progress in their treatment, can in principle move from any unit to any other unit until they reach a
conclusion of their treatment. In addition, the patient can have as part of the sequence of stays a period in
an outside location.

3.1 Data

For arrival and patient length of stay data we use patient arrival, patient movement, and transfer request
data collected over a 18 months from July 2010 through December 2011 from a local tertiary care facility
(Bountourelis et al. 2011). For each admission the data includes the source of the patient, day and time of
initial admission, the sequence of units the patient was in, and the medically required length of stay in
each unit.

Length of stay data is based on a combination of data on patient movement as well as requests to
transfer patients. Following Bountourelis et al. (2011) we use the time between the request to transfer in
and request to transfer out of a unit as the MLOS (Figure 2). Using the MLOS for each patient that is
based on physician determination of the suitability of a patient to move provides length of stay input data
that is independent of the state of the system. This then allows us to use the period between the time a re-
quest to transfer is received to the time that a patient actually moves to the next unit as a performance
measure of blocking.
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Figure 2: Patient length of stay sequence using medially indicated length of stay (MLOS)

3.2 Model Development

We develop a notional hospital based on mean value analysis of arrivals and MLOS requirements. For
each ward in the hospital, the average arrivals per week and average medical length of stay was calculated
(see Table 1). The average MLOS times the number of stays generated in a week for each unit yields the
average bed hours of care generated in a week, or the weekly demand of bed hours. From this, by divid-
ing by the hours per week we determine the average beds required and also the number of beds that would
be equivalent to 20% reserve capacity.

Table 1: Level of care statistics

ICU | SDU | Monitored | Non-monitored
Mean MLOS 108.3 | 116.7 | 106.8 105.6
Standard Deviation MLOS 130.8 | 159.7 | 126.9 119.5
Bed hours/week 4035 | 1257 | 4637 10440
Mean required beds 240 |75 27.6 62.1
Model configuration (20% extra capacity) 29 9 34 75
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3.3 Simulation Model Description

To determine the arrival rate, the sum of the hourly arrival rates over the week was taken. Then the aver-
age interarrival time was calculated and the resulting value used as the mean of the exponential distribu-
tion for interarrival times (Table 2).

Table 2: Weekly internal and external arrivals

Internal External
Arrivals per week 32.6 92.8
Interarrival time (hours) 5.15 1.81
Fraction ICU 0.24 0.32
Fraction SDU 0.23 0.05
Fraction Monitored 0.30 0.49
Fraction Non-monitored 0.51 0.98

For all simulation models, when an admission arrival is generated, the simulation samples from the
historical data of patients with the given patient source. Each patient sampled is defined by the historical
sequence of stays in the hospital along with historical medical length of stay.

Blocking occur if a patient MLOS has been reached within the simulation so is ready to be trans-
ferred, but there is no bed available in the destination unit. When this occurs, the patient remains in place
occupying the current bed, and the time is credited to the MLOS in the destination unit. When a bed is
opened, the patient will transfer into the destination unit. The time in between the time the transfer was
authorized and the actual transfer is charged as blocking.

Diversions occur when at the time of admission or if a patient needs to move to a higher level of care,
there is no bed available. If not, check at higher levels of care. If no bed is available then the patient is
declared to be diverted and leaves the system.

We implement four models using the SimPy simulation library (Vignaux, Muller, and Helmbold
2012) that differ according to the representation of the arrivals and length of stay as described in Table 3:
(i) a base model with stationary (S) arrivals and independent (I) MLOS (SI), (ii) stationary arrivals and
empirical (E) MLOS (SE), (iii) non-stationary (N) arrival rates and independent MLOS (NI), and (iv)
non-stationary arrival rates and empirical MLOS (NE). The implementation details are described in the
following sections.

Table 3: Characteristics of models for comparison

Model SI SE NI NE
Demand Stationary | Stationary | Non-stationary | Non-stationary
LOS type | Independent | Empirical Independent Empirical

3.3.1 Stationary vs. Non-Stationary Arrivals

We employ two approaches for modeling patient arrivals corresponding to (i) a stationary, and (ii) non-
stationary Poisson distribution. Non-stationary arrivals correspond to a more accurate representation of
the arrival stream, however it can be more complex to represent in models. The question to be addressed
is if ignoring non-stationarity effects the findings of the model.

For stationary arrivals, the patients are generated hourly using a Poisson distribution with a fixed rate
resulting from determining the average hourly arrival rate from each source over a week.

To model non-stationary arrivals, we calculated the average number of arrivals for each hour of the
week over the 18 month data collection period. The external and internal arrivals are shown in Figure 3.
The calculated rates reflect the variability of patient arrivals during the day and the fact that external pa-
tients tend to also arrive on weekdays as opposed to weekends.
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In both cases, arrivals from each source are generated for each hour of the simulation. After the
number of arrivals are generated, exact time of the arrival is distributed within the hour using a Uni-
form(0, 1) distribution. Patient arrivals are generated every hour. For each hour, the number of arrivals
are generating using a Poisson distribution, then the time of the arrivals is randomly chosen within the
hour using a uniform distribution. This procedure is followed for both internal and external patients. This
method generates patients where the rate of arrivals changes over time. In particular, it reflects the fact
that patients tend to arrive on weekdays as opposed to weekends, and patients that come from other areas
of the hospital tend to arrive during standard working hours, while those from outside the hospital arrive
seven days a week.
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Figure 3: Arrival rate by source and hour of week

3.3.2 Independent vs. Empirical LOS Sequences

The MLOS was similarly modeled in two ways. First was to use an independent fitted distribution, the
second was to use the empirical LOS sequence of a single patient from admission to discharge.

To fit a distribution to the MLOS for each unit, we used a lognormal distribution. We noted in our lit-
erature review that this was commonly used for modeling patient LOS. We evaluated this assumption us-
ing QQ-plots and the Chi-squared test for each of the units. For example, with the ICU there were 1453
data points. We see that the resulting QQ-plot (Figure 4) follows the 45° line closely until the last 9 points
(the tail 0.6%). Further evaluation using the Chi-squared test with 11 bins, sizing the bins to ensure that
all bins had a reasonable number of points, we obtained a p-value of 0.32, which does not reject a hypoth-
esis that the ICU MLOS is correctly modeled with a lognormal distribution.
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The second method is to use the empirical length of stay sequence. One of the chief benefits of using
an empirical sequence of LOS is that this accounts for patterns of LOS across units for a given patient.
This accounts for correlation as well as the fact that different treatment protocols will result in different
LOS patterns.

For every admission the simulation will use the historically experienced, or empirical, MLOS for
each unit for a randomly selected patient from the same source. This allows for the simulation to incorpo-
rate any correlation that may exist between the MLOS in different units. Model SE will be used to exam-
ine the impact of considering empirical LOS to the base SI model, and model NE will be used to investi-
gate the joint effects of non-stationary arrivals and empirical LOS.

4. SIMULATION STUDY

The performance measure in this study is the total of blocking costs (Table 4) and diversion costs (Table
5). Blocking is calculated by determining the bed day cost for the medically indicated unit and the unit
the patient is forced to stay in due to lack of space, and charging the prorated difference. Diversion costs
are calculated based on a per incident basis, differentiated between primary care and critical care patients.
We use values that are proportional to those found in our partner facility. (Bountourelis et al. 2011).

Table 4: Daily bed costs.

ICU SDU Monitored Non-monitored
$1200 $650 $500 $400

Table 5: Diversion cost per incident in model.

Critical Care $21,000
Primary Care $6,600

The simulation was pre-loaded with patients followed by a warmup period. The model was preloaded
with a number of patients equal to the mean number of patients as calculated in the mean value analysis.
For each patient, a random stay in the sequence of length of stay was drawn as the current step in the se-
quence. For that stay, a random fraction of the historical MLOS for that patient was drawn as the remain-
ing time for the MLOS for that patient. After an eight week warmup period, the simulation was run for
one year.

To determine the required number of replications, 25 replications were made of each of the four mod-
els. The total number of replications, N, was then determined so that for each of the four models the ex-
pected 95% confidence interval for total annual cost was within 10% of the average total annual cost as
determined by the initial replications. Through this procedure we determined N = 232.

4.1 Unit Utilization and Blocking

While the standard metric for hospital bed use is occupancy (which corresponds to utilization), the statis-
tic that directly relates to diversion and blocking is the probability a unit is full. The utilization and per-
cent of time the unit was full for the four models is given in Table 6.

In Table 6 we see that for all four models, the observed utilization is the same across models. Note
that if utilization was used as the performance measure for model validation, all models would have been
validated. When looking at the probability the unit was full, this is different. This does show a difference
across the models, in particular with the ICU. The stationary/independent model (SI) shows a lower peri-
od where the ICU is full than the other models. In particular, the models where arrivals are non-stationary
(NI and NE) show the period the ICU is full to be a third larger than for model SI.
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Table 6: Unit performance measures

Model SI SE NI NE

Demand Stationary Stationary | Non-stationary | Non-stationary

LOS type Independent | Empirical Independent Empirical

Utilization (percent)
ICU 63 63 63 63
SDU 77 76 77 77
Monitored 80 81 80 80
Non-monitored 86 83 86 86
Probability unit full (percent)

ICU 0.63 0.67 0.84 0.80
SDU 33.7 30.1 33.6 29.9
Monitored 18.8 19.7 20.7 21.1
Non-monitored 17.0 11.7 20.1 14.1

4.2 Costs Due to Diversion and Blocking

The difference in the percent of time the unit is full translates into costs from diversion or blocking when
arrivals observe full units. Using notional costs with this model leads to results as shown in Table 7.

Table 7: Annual Diversion and Blocking

Model SI SE NI NE
Demand Stationary Stationary | Non-stationary | Non-stationary
LOS type Independent | Empirical | Independent Empirical
Annual diversions

Critical Diver- 9.3 10.0 14.2 13.2
sion
Primary Diver- 0.98 1.0 2.8 2.2
sion

Annual blocking costs
Blocking Cost 42,700 113,000 60,500 114,000
Diversion Cost 202,000 216,000 315,000 291,000
Total Cost 244,000 330,000 375,000 405,000

Models SE, NI, and NE report significantly greater costs than model SI. While adding the effects of
non-stationary arrivals has a greater effect than using empirical length of stay sequences, combining both
yields higher reported costs. Compared to highest fidelity model (NE), the standard model which as-
sumes stationary arrivals and independently derived length of stay (SI) underreports costs by 40%.

S. DISCUSSION

While models of health care capacity are typically based on average occupancy, the important metrics are
measures of congestion, blocking and diversions. This has analogs in other fields such as using the stock-
out percentage in supply chains or loss functions in queuing service applications such as those applied to
call centers. In supply chains and call centers, it is well understood that the appropriate performance met-
ric of the system is the ability of the system to provide a service when required and this performance is
then balanced against the costs to provide that capacity.

Using measures of congestion, the fact that in-hospital care arrivals and length of stay are not station-
ary or independent across units makes it necessary to use models that can explicitly represent these as-
pects of the system. The effect of non-stationarity is particularly pronounced.
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6. CONCLUSION

As modelers, we have a desire to use models that are as simple as possible. Banks and Chwif (2010) ad-
monish, “Keep the model simple, but not too simple. Make the model complex, but not too complex.”
While most health care capacity analysis is based on average performance based statistics such as utiliza-
tion or occupancy, these statistics do not provide indication about the facility ability to provide services to
patients. As observed in other areas where the performance measure of interest is service, the perfor-
mance measures of interest should be based on the ability of the system to provide that service, in this
case patient blocking and diversions. This work benefited greatly from our partner facility beginning to
collect transfer request data in electronic form shortly before the beginning of this project. Previously,
like many other facilities, this information was not retained after the transfer was completed.

For system performance, it is important to identify significant sources of variation and include them
in the model. In particular, the variation in arrivals over the course of a week and the fact that patient
length of stays are not independent can lead to significant changes in the observed congestion.

We are currently applying the concepts presented here in a more detailed model of our partner facility
with a goal of informing capacity decisions. Through these more detailed models, we will also further
examine the effects of non-stationary and correlated LOS on congestion.
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