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ABSTRACT
High variability in patient flow and changing patient acuity in perianesthesia care units (preparation
/postanesthesia recovery [PREP/PACU]) is a challenge to efficient management of nurse staffing. Common
approaches to estimate required nurse staffing levels that use PACU patient census over time, multiplied
by nurse to patient ratios (NPR), may systematically underestimate nurse staffing needs. The objective
of this study is to use discrete event simulation (DES) coupled with a queuing model to project nurse
staffing levels and account for the dynamics of assigning nurses to patients. We evaluated the reference
timevaryingNPR-basedmethod, which takes into account changing patient acuities over time, and showed
that the current reference methods underestimate staffing requirements. These data parameterized the
DES, which modeled the temporal patterns of weekly perioperative patient flow and mimicked the nurse
protocol to manage stochastically simulated patients for a PREP/PACU within an urban 1059-bed medical
center. Efficient nurse staffing level estimates over time were the primary outputs computed by the DES.
Previously established time-varying (based on acuity) NPR systematically underestimated (up to 20%)
nurse staffing needs, given common nurse-to-patient assignment protocols. We show that incorporating
a queuing model within a DES will yield a proper estimation of staffing levels.

1. Introduction

Perianesthesia care units (Preparation (PREP)/Post-Anesthesia
Recovery Unit (PACU)) function in a highly uncertain clini-
cal and operational environment. Workload fluctuates due to
daily variability (Ragavan et al., 2013) in surgical cases (often
50% swings on the same day of the week) (Litvak and Long,
2000; McManus et al., 2003; Levin et al., 2011) and patients’
diverse and rapidly changing conditions (Ryckman et al., 2009).
Variability challenges PREP/PACU managers’ ability to predict
and optimize nurse staffing to maintain safe and efficient care
(AORN, 2008; American Society of PeriAnesthesia Nurses,
2014; AORN, 2005). Understaffed PREP/PACUs may com-
promise patient safety (Cure et al., 2014), and create operating
room holds (delays) or surgical cancellations (Smith et al., 2013)
and nurse burn-out (Josten et al., 2003). Numerous larg-scale
studies have demonstrated the general association between
inadequate nurse staffing levels, decreased quality of care, and
even increased patient mortality (Aiken, 2002; Needleman
et al., 2002; Kane et al., 2007; Weissman et al., 2007; Tibby et al.,
2004; Kuntz et al., 2014). Conversely, an overstaffed unit creates
excessive nurse idle time and associated labor costs which are
not viable, given tightening economic pressures in health care
(Dale Compton et al., 2005). While PREP/PACU nurse staffing
has historically been dependent on clinical judgment and
intuition of experienced nurse management, statistical methods
have been developed to guide planning for perianesthesia nurse
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staffing (Dexter et al., 2001; Dexter and Rittenmeyer, 1997). The
goal of these methods has been to provide an optimal solution
for standard nurse scheduling. Moreover, surgical case changes
often take place days before the procedure, thus requiring
careful planning for PREP/PACU staffing (Dexter et al., 2012;
Epstein et al., 2002). Arrival patterns in the PACU also change
by time of day, necessitating granularity and time-varying
analysis (Ehrenfeld et al., 2013).

Common approaches to determining hourly nurse staffing
levels involve using time-varying nurse-to-patient ratios (NPR)
(Dexter and Rittenmeyer, 1997), coupled with statistical analy-
ses of historical data (Dexter et al., 2001). These ratios provide
an intuitive and quick way to estimate staffing requirements.
Different levels of patient acuity (i.e., intensity of nursing care)
over time must be accounted for when establishing accurate
NPR estimates (Dexter andRittenmeyer, 1997). Previous studies
have shown that length of stay and acuity levels are endoge-
nous to NPR (Lang et al., 2004). However, since our goal is to
see what the appropriate staffing levels are, given a particular
patient profile, we assume that our patient data came from
a unit that was staffed appropriately according to guidelines.
As nurse staffing requirements are driven by temporal arrival
patterns over the day/week and phases of patients’ recovery
(Dexter et al., 2006), advanced operations research methods
(Ferrand et al., 2014; Carayon et al., 2011; Lovejoy and Li, 2002;
Bernes et al.l, 2015; Toerper et al. 2015), coupled with detailed
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demand, capacity, and staffing data (Schoenmeyr et al., 2009;
Turkcan et al., 2012; Zhang et al., 2012; Denton et al., 2010),
have been used to quantify patient flow (Hall et al., 2006; Das
and Boodhoo, 2015; Shi et al., 2015) and determine optimal
staffing (Dexter 2007; Hamrock et al., 2013; Ewen and Mönch,
2014; Mobasher et al., 2011; Oh et al., 2013; Lin et al., 2013;
Iskan and Hancock, 1990; Green et al., 2013; Abdoo, 1987).

The primary objective of this study was to use discrete event
simulation (DES) (Günal and Pidd, 2010; Law et al., 1991),
coupled with a queuing model (Cassandras and Lafortune,
2009; Connelly and Bair, 2004; Jun et al., 1999), to derive and
evaluate a new, simple approach to estimate nurse staffing
levels in the PACU compared to previous NPR-based methods
(i.e., reference standard). We hypothesize that these reference
methods may lead to significant understaffing, given nursing
requirements that change over patients’ phases of recovery. The
intuition is that matching patients to nurses in the PACU is
better represented by a queuing theory model (Lakshmi and
Iyer, 2013; Yankovic and Green, 2011), as opposed to time-
varying ratios over time. Using a queuing model coupled with
simulation will allow us to properly verify and predict staffing
requirements over time. Note that our analysis is meant to
provide an accurate level of staffing by projecting patient census
under realistic settings. We do this by setting up a DES model
that takes historical patient data as inputs, generates empirical
distributions for the patient population, and simulates how
these patients move through perioperative care. We then couple
this DES with a queuingmodel that accurately estimates staffing
levels under realistic operating conditions. Queuing models
have been shown to provide accurate estimates of staffing
(Ewen and Mönch, 2014), and our article is the first in the
literature to couple these in a DES and apply it to PREP/PACU
staffing. Our method has shown to be particularly useful in
cases where there is limited data and large uncertainty. We
apply the method to a PREP/PACU unit which was to be moved
to a new location, thus necessitating a DES to predict staffing
levels.

In the PACU, there are often limited “hand-offs”—where a
patient is assigned to another nurse—resulting in more staff
required than estimated through time-varying ratios. Further,
changing acuity levels result in exacerbating this underestima-
tion, which may be demonstrated through simulation experi-
ments. While our simulation considers patient flow through the
entire perioperative care system, this study focuses on safely
and accurately modeling nurse staffing in the PACU (i.e., recov-
ery). This incorporates a simple staffing calculation for PREP
which is facility dependent, but easily changeable within the
simulation framework. Further, in our analysis we consider the
combined PREP/PACU care area, as this is common to hospi-
tals across the United States. Simplifying our analysis to sep-
arate PREP and PACU units is trivial, given the simulation
structure.

The article proceeds by describing our data set and setting in
themethods section.We then set up the simulation and queuing
model to replicate staffing in the PREP/PACU. In the results, we
discuss the implications of our model. Specifically, we show that
NPR can underestimate staffing requirements, even when they
account for patient acuity.We present how the simulation can be
used to estimate bed capacity and staffing levels under different

patient populations and account for the uncertainty in our esti-
mates.We conclude with a discussion of our results and avenues
for future work.

2. Methods

The DES was originally developed to determine optimal nurse
staffing levels for four individual PREP/PACUs within a large,
urban, 1059-bed medical center. As such, nurse staffing projec-
tions and further examination of the effects of patients’ board-
ing (e.g., awaiting transfer to a hospital bed for inpatients and
discharge documentation for outpatients) on nurse staffing are
exhibited within a case study context. This investigation was
conducted for operational and quality improvement using time-
stamped perioperative patient flow (i.e., aggregate) data col-
lected in retrospect. No IRB approval was required to perform
this study.

These patient flow data were collected from the Centricity
Operating Room Manager Information System (ORMIS) and
supplemented by time-stamped logs embedded with the elec-
tronic documentation systemand recorded byPREP/PACUstaff
over four months (10/1/2012–2/3/2013). Data were collected
for all patients entering any of four independently operated
PREP/PACU located on separate floors of the medical center
(i.e., three adult, and one pediatric). For purposes of brevity,
detailed analyses for only one adult PREP/PACU (Third Floor)
location serving 15 ORs are presented. All results pertaining to
staffing were replicated in the other units, so we have not pre-
sented the results to reduce repetition. This PREP/PACU is sim-
ilar to the other two adult PREP/PACUs in layout and is located
in the same building. All ambulatory patients were handled sim-
ilarly in all units and there is no PACU I bypass model (where
certain patients skip certain portions of the PACU) in place
for any of these units. However, the same approach, analyses,
and general interpretation of results were performed for each
PREP/PACU separately.

As inputs, the simulation used data pertaining to durations
of surgery, patient demographics such as age, gender, and an
inpatient or outpatient status from ORMIS. Patient prepara-
tory and recovery phase length were collected from time-stamp
logs recorded by nurse staff. Specifically, time stamps for when
patients entered the PREP/PACU, the timedischarge criteriawas
met for recovery patients, andwhen the patient physically exited
the unit upon discharge to home or transfer to an inpatient unit.
Discharge criteria met were defined as the time the patient was
deemed clinically ready to leave the PACU prior to physicalx
exit.

For staffing in PREP, a NPR of 1:2 was used per nurse proto-
col and available evidence. At the start of the day, there is often
congestion going from PREP to OR due to common case start
times, which we have not explicitly modeled, but are implicitly
captured in our time-stamped patient flow data. In this article,
we concentrate on determining staffing levels in the PACU (i.e.,
recovery). This is because staffing levels in the PACU for recov-
ery have shown to be a challenge, given the level of uncertainty
and complications due to changing patient acuity, as described
in a number of studies in the introduction. The DES probabilis-
tically reconstructs the temporal patterns of patient flow (i.e.,
arrivals and discharges) over the course of each week within the
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DES. The staffing representation in the DES couples a queuing
theory model and allows for more complex changes in opera-
tions reflected in perioperative care systems (Hamrock et al.,
2013). The goal of the DES is to predict the number of nurses
required for efficient staffing, given the patient population over
time. Hence, the DES mimics the assignment of patients to
nurses, and we do not limit the number of nurses a priori. Staff
assignments to patients in the DES happen for each new patient
for the particular day of the year. In the DES, a patient enters
the PACU from the OR and is assigned a PACU nurse with no
current high-acuity patient and, at most, one other patient in
Phase 1. This was the standard nurse-to-patient assignment pro-
tocol in the PACU studied. Patients stay with this nurse until
they are discharged, avoiding handoffs per observed practice.
Institutions have recommended restricting handoffs in PACU, as
they cause a risk of degradation, miscommunication, informa-
tion loss, and misunderstanding, leading to medication errors
and poor patient outcomes (Dnap andDai, 2015). Nurses, on the
other hand, cannot take on more than one high-acuity patient
at any given time. Once the patient transitions into low acu-
ity, the nurse is available to take on another patient. Note that
this implies that the nurse is allowed to have one high-acuity
patient and one low-acuity patient at any given time when both
patients are in Phase 1 of the PACU. The nurse cannot havemore
than two patients in Phase 1 of the PACU. Once patients tran-
sition into Phase 2, the nurses are allowed to take on an addi-
tional patient. Any nurse may not have more than three patients
overall. Again, this implies that the nurse can have one patient
in Phase 2 and two additional patients in Phase 1. The acu-
ity determines if a nurse can take on a new patient, and is not
directly linked to the number of patients a nurse has. This is the
exact reason why we believe NPR systematically underestimate
staffing requirements.

For this study, the nurse staffing estimates (i.e., output) gener-
ated by the DES and queuing theorymodel are inferred to be the
most accurate reflection of the needs of the system, as the queu-
ing accurately reflects nurse-to-patient assignment. This out-
put measure may then be used to evaluate common NPR-based
methods of nurse staffing estimation (Dexter and Rittenmeyer,
1997).

The PREP/PACU sees patients at various stages of their care.
Figure 1 shows the movement of patients through the system.
A majority of patients require preparation in the PREP before
surgery and recovery in the PACU after surgery. Patients having

Figure . Perioperative patient flow process modeled in the simulation.

interventional radiology (IR) procedures may undergo prepara-
tion in the PREP or, if they are already an inpatient, they may go
directly to the IR procedural suite and then recover in the PACU.
Surgical patients destined for the intensive care unit (ICU) pri-
marily bypass the PACU and are moved directly from the OR to
ICU.

The MATLAB SimEvents (Gray, 2007) environment was
used to perform these analyses and may be replicable in other
discrete event simulation software environments. Data pro-
cessing and simulation development followed these sequential
steps:

2.1. Data processing

1. The start times for patients’ arrival and preparation,
surgery (i.e., OR time), and recovery phases were desig-
nated from theORMIS and PREP/PACU log data. PACU
end times were designated when an inpatient arrived at
a destination inpatient unit after the PACU and when an
outpatient left the hospital.

2. Patients with incoherent or missing time-stamp data
were assumed cancelled or data entry error and removed
from the data. This was less than 0.5% of the periopera-
tive visits.

3. Patient arrivals into the perioperative system (i.e., prepa-
ration phase or directly to IR) were characterized using
available data. The missing preparation and recovery
times were imputed using a Poisson random variable fit
to the available data; less than 1% of these data were
imputed because they were missing.

4. Data were partitioned for each hour over the course of
a week on the number of patients present in PREP, OR,
and PACU.

2.2. Simulation description

5. Simulation model parameters for each patient were con-
structed from these processed data. The model simu-
lated patients by generating new patients for each hour
of the day over the course of a week, estimating minute-
by-minute output measures. Each patient had an asso-
ciated preparation, OR, and recovery time—as well as a
probability dependent acuity level—also generated from
empirical distributions of the available data. The prob-
ability of patients being at high acuity as they enter the
unit is an exogenous parameter in our simulation, as
we don’t have reliable data for this measure. Hence, ini-
tial acuity is assigned using a Bernoulli random vari-
able. Note that, dependent on the situation, appropri-
ate distributions can be used as well (Choi andWilhelm,
2012). Simulated patients were given a probability of a
1:1 requirement for the first 15min of Phase 1 PACU (the
nurse is allowed to have another patient not in Phase 1,
a “high-acuity” patient), then 1:2 until the end of Phase
1, and then 1:3 in Phase 2, where the patient is awaiting
discharge from the PACU. The remaining lower-acuity
patients did not require any 1:1 assignment. All gener-
ated patients, except IR inpatients, queued into the unit
for preparation (Figure 1).
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6. The patient starts their preparation phase.
7. A panel of perianesthesia nurses estimated a 1:2 NPR

for patients in the preparation phase. We note that this
estimate is facility dependent, but was applied within the
DES, which was focused on more complex estimation of
nurse staffing needs for recovery (PACU) patients.

8. Patients transitioned fromPREP (preparation) to theOR
and then to the PACU (recovery) after their probabilis-
tically assigned service times (from empirical distribu-
tions in Step 5) were finished. A subset of patients requir-
ing ICU care bypassed the PACU and were transferred
directly to the ICU, reflecting the actual perioperative
system modeled (Figure 1).

9. IR patients queued with the recovery patients into the
PACU.

10. For PACU (recovery), the staffing estimates required
more detailed modeling due to changing patient acuity
over time. However, we did incorporate PREP (prepara-
tion) staffing in all our results. A new high-acuity (1:1
nurse to patient initial care needs) patient entering the
PACU would be assigned only to eligible nurses meeting
all of the following criteria:
a. Eligible nursemust not bemanaging any other high-

acuity patients in their first 15 min of Phase 1 recov-
ery.

b. Eligible nurse must be currently managing fewer
than two total patients in any phase.

11. A new low-acuity patient (not requiring 1:1 nurse to
patient initial care needs) would be assigned to eligible
nurses meeting all of the following criteria:
a. Eligible nursemust not bemanaging any other high-

acuity patients in their first 15 min of Phase 1 recov-
ery.

b. Eligible nurse must be currently managing fewer
than three total patients in any phase.

c. Eligble nurses must currently be managing no more
than one patient in Phase 1 recovery.

12. At any given time, the simulation made sure that a min-
imum of two PACU nurses were always present as per
ASPAN guidelines (AORN, n.d.).

13. From PACU, inpatients were transferred to inpatient
units and outpatients exited the system, as seen in
Figure 1.

2.3. Generating output

14. The DES primary output was nurse-staffing-level esti-
mates minute by minute in the PREP/PACU over a one-
year period of simulated time to provide 52 weeks’ worth
of data to determine staffing levels. It also allows our sim-
ulation to be generalizable if we ever wanted to include
seasonality (not an issue in the current simulation).

2.4. Validation

15. The simulation was replicated 20 times and an F-test
was performed to verify that the mean patient census
over the week was the same in each instance. Further,
a t-test was done to verify that the expected value of

the weekly patient census of the simulation was equal to
the expected value of the patient census from the avail-
able data. Further sensitivity tests were runwith different
length-of-stay levels for patients to verify that the model
was performing as expected. These are detailed in the
results section.

3. Results

The DES was developed using 3926 PREP/PACU patient
encounters over the four-month study period. A total of 48%
of this cohort required an inpatient stay following surgery.
For all encounters, the average preparation time was 1.6 h
(95% CI 1.56 to 1.65) and average OR time was 1.3 h (95%
CI 1.27 to 1.35). Total recovery time was comprised of 2.2 h
(95% CI 2.13 to 2.25) from PREP/PACU arrival to discharge
criteria met, followed by a boarding time of 1.49 h (95% CI
1.37 to 1.50) or 0.77 h (95% CI 0.72 to 0.82) for inpatients and
outpatients, respectively. The distribution of these perioperative
patient flow times for all PREP/PACU patients can be seen in
Figure 2. Simulated weekly volumes and patient care hours
stratified by stage in PREP/PACU care are shown in Table 1. As
mentioned in the methods section, for purposes of brevity,
we only present detailed staffing results from one adult
PREP/PACU (Third Floor). Our results pertaining to staffing
are replicated in the other units as well.

3.1. PREP/PACU patient flow

These data and PREP arrival patterns formed the input param-
eters to the DES model, which we used to simulate 11 237
PREP/PACU encounters over a one-year time horizon. This
was selected after tests to be robust enough for the analysis.
Output measures included hourly PREP/PACU patient census
levels over the week, demonstrating variability, and the com-
position of patients in preparatory (dotted line) and recovery
(dashed line) stages, as seen in Figure 3. The common pattern
of a proportional majority of patients being prepped in the unit
between 6 AM and 11 AM, then swapping to recovery thereafter
each day, is displayed. These data also show evidence of patients
remaining overnight in a PACU, which was consistent with
nursing sentiments at our study site.

3.2. Nurse staffing projections

We were able to uniquely model the process of patient-to-
nurse assignment following OR exit and entrance into the

Table . Weekly components of direct patient care and nursing care hours at
baseline.

Measure

Patient Care Hours
Average

(th Percentile Range)
Nursing Hours Average
(th Percentile Range)

Weekly Volume . (.–.) —
Total (hours) . (.–.) . (.–.)
Preparation (hours) . (.–.) . (.–.)
Time to discharge criteria
met (hours)

. (.–.) . (.–.)

Boarding time (hours) . (.–.) . (.–.)
Total recovery time (hours) . (.–.) . (.–.)
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Figure . Perioperative patient flow times.

PREP/PACU for recovery by coupling a queuing theory model
to the DES. This included immediately assigning the patient to
an eligible nurse based on acuity; eligiblity criteria defined in
methods (10 and 11). The simulated nursing protocol ensures
a limit of 1:1 and 1:2 NPR for high- and low-acuity patients
in Phase 1 of recovery, respectively. Figure 4 displays the DES
output for nurse staffing levels needed over time, again demon-
strating variability, and the composition of nurses required for
preparatory (dotted line) and recovery (dashed line) stages.
These nurse staffing levels reflect the minimal nurse staffing
levels (i.e., most efficient) to provide direct patient care in
the PREP/PACU, given patient flow. Simulated weekly nurs-
ing hours stratified by stage in PREP/PACU care are shown in
Table 1.

Using the hourly patient census levels (Figure 3) and the
nurse staffing levels established (Figure 4) in the DES, we may
compare several reference approaches to nurse staffing level pro-
jections. Previous studies have proposed creating nursing level
estimates based on time-varying ratios over time; for example,
1:1 for high-acuity patients in their first 15 min of care and
then 1:2 for remaining patients in Phase 1 and 1:3 in Phase 2
recovery time serves as the reference estimate for our scenario
(Dexter and Rittenmeyer, 1997). For purposes of comparison to
our simulation, we have used this formula to calculate nurses
required under time-varying NPR by multiplying the relevant
ratio with the number of high- and low-acuity patients at each
given minute. This gives us the current method of staffing pro-
jections, as shown in Figures 5 and 6. This is evidence that using

Figure . PREP/PACU patient census over the week.
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Figure . PREP/PACU nurse staffing requirements over the week.

existing methods for NPR, even if accounting for patient acu-
ity and stratified by minutes, still yields an underestimation of
staffing requirements.

Figures 5 and 6 display the percentage differences between
the simulated estimate of nurse staffing levels (i.e., inferred as
most accurate) and estimates obtained using the three relevant
approaches. It is important to note that the reference method
(time-varying ratio) substantially underestimates up to 20% of
nurse staffing levels late in the day (after 4 PM), given com-
mon nurse-to-patient assignment protocols. These findings are
consistent for PACUs recovering both lower- and higher-acuity
patient populations. For example, a low-acuity PACU (Figure 5),
where 25% of the patient population requires 1:1 NPR care,
and a high-acuity PACU (Figure 6), where 75% of the patient
population requires 1:1 NPR care. These figures display relative

differences between the time-varying NPR estimation methods
and the accurate simulation-based (i.e., queuing theory) result;
with zero on the y-axis. We note that actual nursing needs
would be further underestimated because of required breaks
that must be built in.

3.3. Effects of changes in PACU length of stay on staffing

Initiatives to reduce recovery time in the PACU are underway.
Thus, the simulationwas used to determine the potential impact
on PACU capacity needs (i.e., beds) and nurse staffing levels.
We used the simulation to reduce length of stay for each patient
from 0–50% in 2% increments (Figure 7). On average, reducing
length of stay by one hour (21%) results in a three-patient (17%)
decrease in peak census (i.e., bed needs) and one (11%) fewer

Figure . Relative differences in mean staffing levels for a low-acuity PACU; % of patients requiring : nurse to patient ratios at arrival.
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Figure . Relative differences in mean staffing levels for a high-acuity PACU; % of patients requiring : nurse-to-patient ratios at arrival.

nurse required. This linear trend is consistent for simulation
scenarios at average, seventy-fifth and ninety-fifth percentiles of
patient volumes; however, reductions (i.e., the slope) are most
significant looking at requirements closer to the ninety-fifth
percentile, which is what hospitals often plan for.

4. Discussion

Healthcare expenditures have risen to comprise 17.9% (2012) of
the United States gross domestic product (GDP) (WHO, n.d.).
A total of 21% of these healthcare costs have been attributed
to hospital-based labor; 31.5% of healthcare costs in 2012
were attributed to hospital costs (Centers for Medicare and
Medicaid Services, n.d.). Two-thirds of hospital expenditures
are attributed to labor (American Hospital Association, n.d.).

Reducing non-value-added time and associated costs requires
detailed information on patient flow and staffing activity. Often,
these data are unavailable to decisionmakers.Moreover, it is dif-
ficult to estimate the effect of proposed patient flow initiatives on
staffing needs.

We present a DES model to predict patient flow through
perioperative care, specifically related to PREP and PACU. We
produce a year of simulation results from four months of data
with granularity inminutes for accurate staffing levels for PACU
nurses. We show that using NPR for predicting staffing could
lead to inaccuracies, depending on the time of day. In particular,
we see that using NPR underpredicts the staffing requirements
as much as 20% after 4 PM (Figures 5 and 6).

Underpredicting staffing requirements at the end of the day
coincides with observations in the PACU about understaffing

Figure . Projections for number of beds and nurses needed in the PREP/PACU, given different average lengths of stay.
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towards the end of the day. A NPR of 1:2 implies that fewer
nurses would be needed to look after these patients towards the
end of the day. The reality, though, is that nurses do not hand off
patients, and thus a NPR of 1:2 is not realistic towards the end of
the day, especially when total time in recovery can exceed four
hours.

An advantage of the simulation model is that it is able to
predict patient census and staffing levels over time and assess
the impacts of interventions before they take place. Accu-
rately predicting operations through a coupled queuing model
enables PACU managers to determine optimal staffing levels
and scheduling accordingly. Along with the simulation model,
we provide an alternate method to estimate staffing require-
ments, which proves to bemore accurate thanNPR.While these
estimates are not exact, they provide a better measure of staffing
than NPR ratios. Thus, we provide an alternative to using NPR
ratios which is as easy to implement for determining staffing.

The DES results provide information that may be general-
ized to other perioperative systems. Institution-specific input
parameters may be included to evaluate patient census and
nurse staffing level outcomes. Moreover, our new method of
estimating staffing requirements shifts the focus towards acuity
of patients, which we have shown is a better indicator of staffing
requirements than number of patients. A natural extension is
using this data in an optimization problem to produce efficient
schedules (Ernst et al., 2004). Given the simulation model
output and the ability to capture complex system dynamics
under changing acuity of patients, we expect this model to be
combined with advanced staffing models to optimize outcomes.

A limitation of this model is that it is not obvious which per-
centile represents an ideal staffing level (e.g., fiftieth, seventy-
fifth, ninety-fifth) and how these percentiles connect to costs
associated with OR to PACU holds. Stakeholders in hospitals
have different objectives. While staff would prefer to schedule
to a worst-case scenario (ninety-fifth percentile), this is ineffi-
cient and cost prohibitive. Thiswould overschedule perianesthe-
sia nurses, and result in underutilization of staff and resources.
However, fixed scheduling for the average scenario (fiftieth per-
centile) could lead to a decrease in quality of care for days
where staffing levels are outstripped. Hence, the model may be
improved by determining how PREP/PACU staffing levels may
be flexed daily to optimal levels.

However, implementing this is challenging due to the need
to provide nurses with adequate advanced notice for work
schedules. Further, we could analyze the perioperative system
as a whole to determine staffing levels that would minimize
total costs, as labor in the OR often costs more than the
PACU. Despite these limitations, this model provides a tool
to estimate nurse staffing requirements and the effects of any
changes in patient flow preemptively. Engineering tools such as
discrete-event simulation provide PREP/PACU managers and
administrators with more powerful evaluation and prediction
of operations, leading to improved resource (i.e., nurse staffing)
management.
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