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Abstract

Background: Since operating rooms are a major bottleneck resource and an important revenue driver in hospitals,
it is important to use these resources efficiently. Studies estimate that between 60 and 70% of hospital admissions
are due to surgeries. Furthermore, staffing cannot be changed daily to respond to changing demands. The
resulting high complexity in operating room management necessitates perpetual process evaluation and the use of
decision support tools. In this study, we evaluate several management policies and their consequences for the
operating theater of the University Hospital Augsburg.

Methods: Based on a data set with 12,946 surgeries, we evaluate management policies such as parallel induction
of anesthesia with varying levels of staff support, the use of a dedicated emergency room, extending operating
room hours reserved as buffer capacity, and different elective patient sequencing policies. We develop a detailed
simulation model that serves to capture the process flow in the entire operating theater: scheduling surgeries from
a dynamically managed waiting list, handling various types of schedule disruptions, rescheduling and prioritizing
postponed and deferred surgeries, and reallocating operating room capacity. The system performance is measured
by indicators such as patient waiting time, idle time, staff overtime, and the number of deferred surgeries.

Results: We identify significant trade-offs between expected waiting times for different patient urgency categories
when operating rooms are opened longer to serve as end-of-day buffers. The introduction of parallel induction of
anesthesia allows for additional patients to be scheduled and operated on during regular hours. However, this
comes with a higher number of expected deferrals, which can be partially mitigated by employing additional
anesthesia teams. Changes to the sequencing of elective patients according to their expected surgery duration
cause expectable outcomes for a multitude of performance indicators.

Conclusions: Our simulation-based approach allows operating theater managers to test a multitude of potential
changes in operating room management without disrupting the ongoing workflow. The close collaboration
between management and researchers in the design of the simulation framework and the data analysis has yielded
immediate benefits for the scheduling policies and data collection efforts at our practice partner.
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Background

Providing appropriate healthcare will be one of the big-
gest issues for many countries in the upcoming decades.
The growth of the population and the impact of an
aging population imply an increasing need for healthcare
services. Hospitals additionally face increasing pressure
to work economically viable and to become more effect-
ive. Finally, the supply side is increasingly struggling
with meeting the demand, as the already insufficient
nurse staffing shows [1]. Since operating rooms are a
major bottleneck resource and an important revenue
driver in hospitals, it is important to use these resources
efficiently. Studies estimate that between 60 and 70% of
hospital admissions are due to surgeries [2]. Moreover,
around 40% of hospital expenses, as well as revenues,
are generated in the operating theaters [3]. Furthermore,
the impact on downstream resources such as intensive
care or regular ward beds is highly influenced by the
surgical program. The necessity of elaborate scheduling
is raised by the high uncertainty that comes along with
surgeries [4] and the high fixed costs of operating the-
aters. Furthermore, staffing levels are virtually impossible
to adapt to changing demand [5]. The resulting high
complexity in surgery scheduling necessitates perpetual
process evaluation and the use of managerial decision
support tools.

We present a detailed simulation model that is capable
of evaluating a variety of managerial policies in a realistic
setting. We explore the quantitative effects of a) employ-
ing parallel induction of anesthesia in the central operat-
ing theatre, b) alternative scheduling policies, c) the
increase of operating room (OR) buffer capacity, and d)
opening or closing an operating room reserved for emer-
gencies. The analysis is based on a large data set with
12,946 surgery procedures from the University Hospital
Augsburg, which is one of the largest German hospitals
with over 1700 beds. The hospital is a maximum care
provider and therefore has a large variety of highly spe-
cialized medical departments to fulfill this public service
mandate. The study was performed after the integration
of a department from a remote site into the operating
theater and before the introduction of new administra-
tion software for the management of surgeries.

There is a broad range of academic literature on
operating room planning. The extensive amount of
literature in the field is both an indicator of the rele-
vance as well as the complexity of operating room
planning. We refer to Cardoen et al. [6], Guerriero
and Guido [2], and Van Riet and Demeulemeester [7]
for overviews on the current state of the literature on
operating room planning. In the most recent litera-
ture review, Samudra et al. [8] perform an exhaustive
search, identify 216 technically oriented papers, and
classify these papers according to descriptive fields
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such as solution techniques. Discrete-event simulation
plays a significant role in the following publications
to assess the effect of different management policies
on various performance criteria, such as utilization or
waiting time.

Persson and Persson [9] use discrete-event simulation
to study management policy changes in a single operat-
ing room department. They employ optimization tech-
niques to identify cost-optimal patient schedules. Adan
et al. [10] illustrate the trade-off between hospital effi-
ciency and patient service levels. They use discrete-event
simulation to explore the effect of different strategies
such as overplanning and flexibility and cancellation pol-
icies. Here, elective patients may be canceled to account
for emergencies, and emergency patients can be redir-
ected to other hospitals. Berg et al. [11] use simulation
to compare booking, sequencing, and scheduling deci-
sions based on a stochastic single server booking model
with those employed in practice. Different scenarios,
based on varying overtime and fixed costs are evaluated.
Azari-Rad et al. find a reduction in the cancellation rate
when elective patients with shorter average lengths of
stay are scheduled earlier in the week [12]. Furthermore,
surgeries with shorter durations and less variance con-
tribute to a reduction of cancellations if scheduled earl-
ier in the day. In addition, the impact of changing
capacity in post-surgical ward beds is analyzed. On the
other hand, Bowers and Mould show that the through-
put may increase significantly if patients are willing to
accept the possibility of their treatment being canceled
[13]. Finally, Vanberkel and Blake detect that the avail-
able operating room time is not the bottleneck of their
system in a simulation study [14]. Instead, the available
bed capacities are the limiting parameters that interfere
with shorter waiting times for patients. The literature re-
view on discrete event simulation in healthcare by Zhan
shows that operating theaters have not been the subject
of many research efforts that employ simulation model-
ing as the primary analysis tool, despite both “individual
heterogeneity” and “individual interaction” being very
much present in this setting [15]. The presence of both
properties means that the operating theater setting lends
itself well to simulation modeling studies, as other mod-
eling techniques such as Markov models and decision
trees typically fail to incorporate either.

Our work extends the literature by addressing add-
itional management policies, by modeling intra- and
interday effects of disruptions on schedule execution
and rescheduling within the simulation model environ-
ment, and by the size and number of the different med-
ical departments in the operating theater. The latter
opens up possibilities to introduce shared emergency
capacities, patient reallocations, and overtime balancing,
among others, to the simulation model.
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Methods

The simulation study presented here originates from a
project that spanned over more than a year in close col-
laboration between the operating theater management
and our team of researchers. It involved in-depth
process and data analyses, the iterative creation of the
detailed simulation environment over multiple feedback
loops, and a simulation-based investigation of several
potential measures considered by the operating theater
management. Note that additional information on the
simulation design is available in the Additional file 1.
The goal of the simulation study is to evaluate the per-
formance of the following possible management policies
per request of the operating theater management at Uni-
versity Hospital Augsburg:

1. What are the minimum staffing requirements for
well-functioning overlapping anesthesia?

2. What trade-offs occur when the daily schedule of
surgeries is ordered according to the expected sur-
gery duration?

3. Should extended operating hours, and to what
extent, be considered?

4. What are the potential consequences of closing the
operating room dedicated to emergencies?

We use the most common performance indicators
used in practice and in the literature such as utilization,
over- and undertime, waiting time of patients, the num-
ber of treated patients, and the number of deferred sur-
geries to evaluate these questions. The results provide a
quantitative basis for future operating room planning
and scheduling. After the conclusion of the project, in-
sights generated from our study served to calibrate the
newly implemented planning software.

Patient grouping

The medical condition of patients has important impli-
cations for the management of their surgery. It deter-
mines whether there is enough time to include them in
a weekly surgery plan or they need to be inserted into an
existing plan, hence disrupting an existing plan. Add-
itionally, it influences the expected duration of their sur-
gery procedure. After extensive data analysis and
feedback from the collaborating OR-manager, the fol-
lowing distinction of patient acuity levels in four groups
has proved useful:

1) Elective patients (surgery can be scheduled well
ahead of time)

2) Semi-urgent patients (surgery within 24 h after
arrival)

3) Very-urgent patients (surgery within 6 h after
arrival)
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4) Emergency patients (surgery a soon as possible after
arrival)

The condition of elective patients permits enough time
to schedule their surgery well ahead of time, so they be-
come part of the weekly surgery scheduling process.

Our practice partner had previously used a single “ur-
gent” category for patients that do not qualify as emer-
gencies but should receive treatment soon after their
arrival. However, some of these urgent patients need to
undergo surgery within 6h, while others only require
treatment within the next 24 h. This leads to two differ-
ent policies applied to urgent patients in the current
day-to-day process. To model both policies in our simu-
lation, we separate urgent patients into semi-urgent and
very-urgent patients. Whenever we mention urgent pa-
tients, we refer to both semi- and very-urgent patients as
is current practice at the hospital.

Surgery scheduling at the university hospital Augsburg
The central operating theater consists of 18 operating
rooms. Out of these, one room is dedicated to emer-
gency patients only. In this room, surgeons and anesthe-
siologists are on staff day and night, and supporting
personnel (e.g., circulating nurses) are available on short
notice in case of an emergency. Also, two of the operat-
ing rooms run throughout the night to handle very-
urgent cases. There are 13 rooms available for the induc-
tion of anesthesia.

The master surgery schedule (MSS) predetermines the
daily assignments of each operating room to medical de-
partments. An MSS holds for every week until the next
revision takes place. We illustrate the MSS for the con-
sidered period in Fig. 1. The assignment of “E” indicates
that the room is reserved for emergencies and no treat-
ment of elective patients occurs there. The legend of Fig.
1 lists the abbreviations of the different department
names used in the remainder of this paper.

The departments set up preliminary schedules for
their respective patients independently of each other,
based on the current allocation of the MSS. These
schedules, in general, follow the logic to fill regular
hours with semi-urgent and elective patients. These
schedules are available no later than the day before
surgery.

An OR-coordinator is responsible for coordinating the
individual schedules of the departments and for disrup-
tion management. Emergency patients are assigned to
the emergency operating room or the next available op-
erating room. If the emergency patient is assigned to any
room other than the emergency operating room, the
remaining patients on the room’s schedule are post-
poned accordingly. Should this cause elective patients to
be moved outside of the operating hours, they are
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Fig. 1 Master surgery schedule

deferred to the next day and appended to the elective
program of the respective department.

In practice, options such as the reallocation of operat-
ing rooms, the extension of opening times, and postpon-
ing surgeries are available to manage short-term
disruptions in the surgical program.

Surgery process description

A single surgery consists of several sub-processes. Figure 2 il-
lustrates the most common process flow and the timestamps
collected by the information technology system at University
Hospital Augsburg. For some types of surgeries, this flow can
partially deviate, e.g., for procedures performed under local
anesthesia. Patients wait in the holding area until their first
contact with the anesthesiologist. The first injection of anes-
thetics marks the start of the induction. After the anesthesia

team completes the induction of anesthesia, they move the
patient to the operating room. The duration between the
start and the end of the procedure coincides with the pres-
ence of the surgeon. The time from the first cut to suture is
widely used in productivity benchmarks. After the surgical
follow-up, the anesthesiologist moves the patient out of the
operating room to either the post-anesthesia care unit
(PACU) or the intensive care unit (ICU), where a handover
takes place. The anesthesiologist monitors the patient con-
tinuously from the induction until the transfer to a down-
stream unit. As long as no parallel induction of anesthesia -
one of the proposed managerial changes - is performed, the
“presence of anesthesiologist” duration determines how
much time a single patient occupies a surgery team and
therefore the OR resource (even though not physically for
the entire time) until the next patient can be treated. In a

Fig. 2 Surgical sub-processes
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setting where parallel inductions are used, this occupancy
duration shrinks to only the “occupation of operating room”
duration.

Investigated research questions linked to management
policy options

Each of the investigated management policy options is
compared to current practice, modeled as the Base Case.
In the Base Case, patient sequencing follows a First In
First Out (FIFO) logic, semi-urgent patients are not sched-
uled at night time, operating rooms are open during regu-
lar hours, and parallel induction of anesthesia is not
utilized. To address the most important considered man-
agerial decisions, we conducted the following analyses:

Partial extension of opening hours

Deferring treatments to the next day can trigger plan-
ning problems like rescheduling and further postpone-
ment of procedures. The introduction of extended
opening hours for a selection of operating rooms serves
as a buffer to react to schedule disruptions, as patients
are only scheduled over the regular opening hours of an
OR with extended opening hours. The additional cap-
acity is used to finish delayed surgeries or take on pend-
ing treatments from other operating rooms. This
reduces the need for deferrals and prevents planning dif-
ficulties on the next day. However, regularly offering
additional opening hours is an expensive endeavor, so
we quantify the improvements to patient flow caused by
the extension of opening hours.

Overlapping induction of anesthesia

A team consisting of an anesthesiologist and an
anesthesia nurse is responsible for each anesthesia. In
the Base Case, the induction of anesthesia of a patient
starts once the surgical procedure of the previous patient
is finished. Since the anesthesia team also observes the
narcosis of the patient during the surgery procedure, it
is engaged over the complete surgery duration. During
the induction of anesthesia, the operating room and the
surgery team remain idle. This implies that long induc-
tion times cause a lower utilization of the OR. Overlap-
ping induction of anesthesia provides a way to decrease
this OR idle time. Separate rooms allow the anesthesia
team to start the induction of anesthesia of the following
patient before the previous patient leaves the operating
room if sufficient anesthesia teams are available. Since
the first patient in a session has no predecessor, his in-
duction is not overlapping.

The relocation of inductions to other rooms and the
execution parallel to surgical procedures in the operating
rooms effectively increases OR surgery capacity. When
this additional capacity exceeds a certain threshold, add-
itional patients from the waiting list can be scheduled,
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which increases the number of treated patients in the
entire operating theatre.

Patient sequencing: first in first out (FIFO) vs. shortest first
(SF) vs. longest first (LF)

Patient scheduling at the University Hospital Augsburg
utilizes a schedule waiting list consisting of three patient
categories that are sorted by priority. Patients within each
category are ordered by a FIFO logic; they are not sorted
by their expected surgery durations. The FIFO sequencing
strategy, therefore, creates a schedule that is random in
terms of expected surgery durations. Under a Shortest
(Longest) First policy, the same patient selection logic is
applied, but the patients on the resulting schedule are
eventually sorted by expected surgery durations in ascend-
ing (descending) order, i.e. the patients on the schedules
remain the same, only their sequence changes.

Closing the dedicated emergency operating room

During the day, one operating room is staffed and on
stand-by for possible incoming emergency and very-
urgent patients in current practice. The relatively low
number of emergency and very-urgent arrivals, however,
causes a low utilization of the ORs. We investigate how
average waiting times, patient deferrals, and expected
over- and undertime change when the OR is closed. Our
goal is to assess the risks associated with this revised
policy, which would offer the immediate benefit of redu-
cing operating costs in the operating theater.

Key performance indicators

We measure several performance indicators to track the
influence of scenario changes on the simulated system.
The most important indicators are: Number of treated
patients, utilization of the operating rooms, overtime
and undertime in the operating rooms, waiting time of
patients, and the number of deferred patients, which we
define as patients whose surgeries are performed on a
later day than originally planned.

Utilization rates of the operating theater are reported for
regular time (08:30 am to 03:45 pm) and extended opening
times (03:45 pm to 08:00 pm). They can be further separated
into system utilization - including anesthesia, surgery, and
cleaning times - and room utilization, which considers sur-
gery and cleaning times only. This is especially important
when analyzing the effects of parallel anesthesia inductions.

Overtime / undertime measures the number of mi-
nutes that operating rooms run longer / shorter than the
planned opening hours according to the MSS. They
serve as a proxy for the expected deviation of staff work
time from contractually agreed levels, assuming that staff
scheduling is initially done according to said levels.

Patient waiting times can be reported for each patient
acuity type (elective, semi-urgent, very-urgent, and
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emergency). They are a measure of the delay between
the planned start and the actual start of a patient’s sur-
gery. When elective patients are deferred to the next day
because of delays in the schedule, their waiting time will
not begin at the originally planned start, but instead at
the updated planned start on the next day. The number
of patients that need to be deferred from 1 day to the
next is also an important performance measure. Thus,
our definition of patient waiting times measures intraday
delays in the schedule, while the number of deferrals is a
measurement of interday rescheduling.

Available hospital data

Twelve thousand nine hundred forty-six surgical proce-
dures were performed in the central operating theater
between October 2015 and July 2016. Nine different de-
partments performed more than 250 procedures during
the time period, making them an integral part of the
central operating theater planning. The remaining surgi-
cal departments used the operating theater very sparsely
and irregularly and were excluded from our study. The
nine considered departments performed 2.9 surgeries
per day per operating room on average, resulting in 345
surgeries per week. Our data analysis was performed
using the R Project for Statistical Computing (R)
software.

Patient grouping by acuity

At the University Hospital Augsburg, emergency and ur-
gent patients form a considerable proportion of the pa-
tient population. Thus, daily disruptions to the planned
schedule are common. Elective patients account for 72%
of all patients, 21% are urgent (note that the hospital did
not use the subgroups “semi-urgent” and “very-urgent”
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before our study), and 7% are emergency patients. It is
therefore important to consider their impact on the per-
formance of any investigated OR management policy.
Figure 3 reveals the diversity of the different depart-
ments for urgency categories. A high share of urgent pa-
tients, for example, occurs within the department for
Trauma Surgery. Gynecology and Urology are the de-
partments with the highest proportion of elective pa-
tients with over 85% of all patients. About half of the
urgent patients are very-urgent and the other half semi-
urgent. This assessment resembles the experience of the
OR-manager.

Surgery durations and patient classification

The differences in surgery durations between the spe-
cialties and urgency categories must be considered, be-
cause surgery durations have a direct impact on
performance measures such as utilization and overtime.
Histograms for surgery durations of the specialties TS
and CAR are depicted in Fig. 4 to illustrate exemplary
structural peculiarities. The surgery durations in CAR,
for example, can be modeled using a bimodal distribu-
tion, whereas the distribution of the surgery durations at
TS resembles a log-normal distribution. The average
surgery duration, as well as the standard deviation of the
surgery duration, is notably higher for emergency pa-
tients than for elective patients in both specialties. Ur-
gent CAR patients are characterized by their short
surgery duration compared to the other urgency
categories.

Anesthesia times are relevant for patient scheduling
unless parallel induction of anesthesia is performed. The
empirical distributions of anesthesia times are further
clustered according to the surgery duration. Hereby, we
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assume that the surgery planner only has an approxi-
mate forecast regarding the surgery duration. The times
used for scheduling elective patients are displayed in
Table 1.

Emergency and urgent patient arrivals

Urgent patient arrival rates vary across different depart-
ments since urgent patients are assigned to operating
rooms of their respective specialty, if possible. Table 2
provides an overview of the different average urgent pa-
tient arrivals between 6 am and 10 pm on weekdays for
each department. Urgent patients mainly arrive during
the day. Only a total of 0.48 urgent patients are recorded
on average per night.

Emergencies are assigned to the next available operating
room independent of the specialty this room is assigned
to. Thus, the arrival rates of emergency patients only differ
with respect to the time of day. Between 6 am and 10 pm,
2.8 emergencies arrive on average with a standard devi-
ation of 1.9, and, during the night, an average of 0.8 emer-
gencies arrive with a standard deviation of 1.1.

Table 1 Average Presence of Anesthesiologist Times of Elective

Results

Each of the following analyses targets one of the afore-
mentioned research questions. The simulation was pro-
grammed and implemented in AnyLogic. The
performance measures and confidence intervals were an-
alyzed using Excel.

Extended operating hours

Our results indicate that the number of additional pa-
tients treated in a week increases slightly per room with
each additional operating hour. These additional patients
are mostly patients who would otherwise have to be de-
ferred to the next day, as the reduction in the number of
deferred elective surgeries shows. (see Fig. 5; in all fig-
ures, we depict the mean and the 95% confidence inter-
val — if the intervals do not overlap, the results are
statistically significantly different from one another at
the 0.05 confidence level). While the increase in the
number of treated patients is only statistically significant
when extending operating hours by more than three, the
number of deferrals shows very little fluctuation, and the

Table 2 Daytime Arrival Rates of Urgent Patients per Weekday

Patients in Minutes Specialty Mean SD
Specialty Short Medium Long TS5 4.7 23
GVT 74 166 371 GVT 24 14
VS 46 135 334 CAR 1.8 1.5
GYN 44 101 322 GYN 0.6 0.8
CAR 63 204 324 VS 1.3 12
PED 40 97 256 NS 05 0.7
OMS 55 137 307 PED 1.0 1.0
NS 81 194 406 URO 0.1 04
TS 63 134 288 OMS 0.2 0.5
URO 94 210 375 Total 12.6
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reduction is statistically significant with each additional
opening hour.

Interestingly, there is a striking decrease in the waiting
time for emergency and very-urgent patients as operat-
ing room hours increase. Semi-urgent and elective sur-
gery patients, on the other hand, have longer intraday
waiting times as operating rooms are opened longer, on
average (see Fig. 6).

Parallel induction of anesthesia

Introducing the policy of conducting parallel induction of
anesthesia leads to a second decision of how many add-
itional anesthesia teams, consisting of an anesthesiologist
and a nurse anesthesiologist, to staff. We compare the
Base Case, which represents the current practice of per-
forming sequential anesthesia inductions, with settings in
which parallel induction is implemented and zero to three
additional anesthesia teams are employed. Our results in-
dicate that parallel induction leads to approximately 10%
more treated patients thanks to a higher number of

elective patients that fit into the schedule (see Fig. 7). This
gain comes at the cost of a significantly increased number
of deferrals, however, which can be alleviated with at least
one additional anesthesia team. Employing more than one
additional anesthesia team yields no or hardly any im-
provements concerning the number of treated patients or
deferrals.

Increasing the number of anesthesia teams does help
increase OR utilization during regular hours while sim-
ultaneously decreasing OR utilization in the extended
hours (see Fig. 8), hence reducing disruptions in the
schedule that result in longer patient waiting times.

Sequencing patients

While the Base Case assumes a random daily se-
quence of scheduled patients regarding their expected
surgery duration, we investigate the impact of differ-
ent sequencing policies for the scheduling of elective
and semi-urgent patients. Three different sequencing
policies are considered:
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1) First In First Out (FIFO): The sequencing of
expected surgery durations follows no explicit
sorting policy. Concerning surgery durations, the
daily operating sequence is random.

Longest first (LF): The longer the expected surgery
duration, the earlier in the day the patient is
scheduled.

Shortest first (SF): The shorter the expected
procedure duration, the earlier in the day the
patient is scheduled.

2)

3)

The results of different sequencing policies are
depicted in Table 3, where we report the 95% confidence
intervals for each performance measure under each se-
quencing policy. Note that results are statistically signifi-
cantly different from one another at a 0.05 level of
significance if the reported intervals do not overlap. SF

increases the number of surgeries per week compared to
the currently employed FIFO sequence. LF yields the
lowest number of weekly cases. The same level of per-
formance is mirrored concerning the number of deferred
patients. Operating room utilization, on the other hand,
is highest under an LF policy and lowest under an SF
policy. Overtime can be expected to be highest with an
SF policy and lowest with an LF policy. Emergency pa-
tients wait the shortest with the FIFO policy, but the dif-
ferences are within one and a half minutes. Anesthesia
turnover time is also lowest when a FIFO policy is
employed.

Closing the dedicated emergency OR

Not surprisingly, shutting down the dedicated emergency
operating room results in fewer treated cases per week
(see Table 4). Likewise, an increase in the waiting time of
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Table 3 Results of Different Sequencing Policies
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Sequence Treated cases per Patient deferrals per Room Overtime per room  Waiting time of Anesthesia
policy week week utilization per day emergencies turnover time
FIFO [361.1, 363.5] [144,15.6] [71.8,74.0%]  [255,27.1] [4.1,49] [12.5,13.1]

LF [356.7, 358.9] [21.1,229] [72.5,751%]  [24.2, 254] [5.2,5.6] [13.9, 14.7]

SF [365.6, 368.6] [8.8, 10] [69.9, 72.1%]  [33.7,347] [5.0,5.6] [15.0, 16.0]

emergency patients can be expected. More interesting is
the very small increase in the waiting time of elective pa-
tients by a mere couple of minutes. Also, the number of
patient deferrals increases only by about 2 patients per
week. Overtime can be expected to increase by a few mi-
nutes when no operating room is reserved for emergen-
cies, but there is a noticeable resulting reduction in
undertime, i.e. idle time at the end of the operating hours.

Discussion

While longer opening hours of operating rooms could
allow the scheduling of additional surgeries, University
Hospital Augsburg was foremost interested in how added
room capacity might help reduce negative effects for a
given schedule. Therefore, we treat the added opening
hours (up until 8:00 pm) for each operating room as buffer
capacity that may be used to perform elective surgeries at
the end of the day that would have otherwise had to be
deferred until the next day, but no elective surgeries are
actively planned during these extended hours. This results
in a rising number of semi-urgent patients that can be
treated on the day of their arrival. Of course, the add-
itional OR capacity may also be used to schedule add-
itional patients rather than simply working as buffer
capacity at the end of the day, providing more financial in-
centives through increased revenue to offset the increased
personnel cost. The fact that elective patients are deferred
less frequently and can therefore be treated on the day of
their scheduled surgery more often contributes signifi-
cantly to their increased intraday waiting time. In this
case, they are moved to the end-of-day buffer time more
frequently, hence incurring waiting time but foregoing
very undesirable deferrals. If they were deferred to the
next day, they would not encounter any waiting during
the day of the originally planned surgery per our defin-
ition. In practice, a reasonable intraday waiting time will
be preferred by patients and hospital management over a
deferral to the next day.

Parallel induction means that surgeries can be sched-
uled according to their expected occupancy of the oper-
ating room rather than their required presence of
anesthesiologist time, resulting in a tighter schedule. It is
important to note that even in the case of parallel induc-
tion with zero additional anesthesia teams, the team that
staffs the operating room reserved for emergencies may
serve as a backup for elective surgeries when no emer-
gency patient is present. Thus, some parallel induction
may always be employed in our setting, even if no extra
personnel is scheduled to be available. However, if there
exists no anesthesia team dedicated to performing paral-
lel inductions, it is not advisable to adjust the operating
schedules by eliminating the planned anesthesia time
from the expected surgery duration. It may prove useful
to utilize parallel induction of anesthesia especially for
long surgeries in combination with a sensible policy that
sequences surgeries according to their expected dur-
ation. Marjamaa et al. [16] discuss the cost efficiency of
parallel induction. In their simulation setting, parallel
anesthesia outperforms the traditional sequential setting
concerning cost-efficiency in any organizational layout.
Basto et al. [17] find, as we do, that parallel induction re-
duces intra-operative times and therefore allows for
more surgeries to be performed. However, our study in-
corporates the fact that parallel induction of anesthesia
allows for tighter surgery schedules to maximize the cut-
to-suture time utilization of the operating rooms. There-
fore, we can show the trade-off between higher
utilization as well as throughput and reduced planning
stability, which can only partially be mitigated by
employing additional anesthesia teams.

Interpreting the results of the analysis of different se-
quencing policies correctly might not be straightforward.
Under an SF policy, longer than expected surgery dura-
tions or unforeseen emergency surgeries in an operating
room will often cause only a single patient, the one who
is treated last because he has the longest expected

Table 4 Closing the Dedicated Emergency Room, Time Units in Minutes

Emergency room Treated cases Waiting time of

Waiting time of

Patient deferrals  Overtime per Undertime per

policy per week emergencies electives per week room per day room per day
Dedicated [361.1, 363.5] [4.1,49] (296, 31.8] [14.0, 16.0] [25.6,27.0] [27.7,29.1]
emergency OR

No dedicated [352.2, 3564] [213, 24.1] [326,33.6] [16.5,183] [29.0, 30.2] [22.9, 24.5]

emergency OR
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surgery duration of the day, to be deferred to the next
day. In contrast, under an LF policy, a similar delay
might result in the deferral of several (short) surgeries.
Hence the differences in treated cases and patient defer-
rals per week. Associated with this observation is the re-
markable difference in overtime. As delays in the
schedule might result in the deferral of the last patient
to the next day under the longest first policy (because
the surgery cannot be performed even during extended
opening hours), the shortest first policy often allows
starting the last patient of the day within the opening
hours at the expense of overtime. The average waiting
time of emergency patients is lowest when using a FIFO
sequencing policy, which is explained by the generation
of more break-in-moments [18], which provides more
opportunities to slot emergency surgeries into the sched-
ule. Overall, the FIFO sequence yields a preferable set of
results for our practice partner. For each of the other
two sequencing policies, improvements in one or two
performance measures are offset by stronger deteriora-
tions of other performance measures.

When the dedicated emergency room is shut down
completely and not used for the regular program of any
specialty, our results illustrate the degrading perform-
ance of the entire operating theater. The most remark-
able change occurs in the emergency patient waiting
time. Its mean value increases significantly from 4.5 to
22.7 min. However, an average waiting time of 22 min it-
self may be acceptable, as in the majority of cases the
OR-manager knows of incoming emergencies around 30
min before they eventually enter the operating room.
This will usually provide enough time to find an OR
where a surgery is coming to an end or no surgery is
scheduled. But there will still be an increased risk of
having no OR capacity available when the emergency pa-
tient has arrived and the surgery should start. With this
information, management can gain a better understand-
ing of the trade-off between cost savings and perform-
ance deterioration. Wullink et al. [19] present a
simulation study that shows how closing a dedicated
emergency OR while simultaneously reserving capacity
for emergencies in the elective ORs yields overall better
results concerning OR utilization and emergency patient
waiting time. However, they do not report results re-
garding the number of elective surgeries than can be
performed. While our results concerning emergency pa-
tients match their findings, we identify the reduced
number of performed elective surgeries as a shortcoming
of their proposed policy. Ultimately, our practice partner
decided that the dedicated emergency OR should remain
in place for the time being.

There are of course limitations to our study that
should not go unmentioned. First of all, our simulation
study overestimates the number of performed surgeries
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in the Base Case, on average, by about 5%. The main
reason for this is the fact that, in reality, there are vari-
ous uncommon but present interruptions in operating
theaters. These include the absence of hospital
personnel, issues with intrahospital patient transporta-
tion, patients who do not show up for elective surgeries
on time or with an empty stomach, or missing paper-
work. Furthermore, our study addresses operating the-
ater management in a large maximum care provider
hospital with multiple medical disciplines, which may
not be comparable to other types of hospitals such as
specialized clinics for a small number of standardized
procedures. Finally, medical departments at the Univer-
sity Hospital Augsburg dictate surgery schedules, not the
surgeons. This provides more flexibility in our setting
that might be present when surgeons are tied to their
patients, as is often the case in hospitals in the United
States, for example.

Further research could consider congestion levels and
anticipated available capacity in downstream units, a
relevant reason for cancellations of surgeries [20, 21]
that we did not address in this study. Additionally, more
advanced patient sequencing techniques that have been
presented and evaluated in the scheduling literature
[22—24] could be implemented in the simulation model.
More advanced forecasting techniques with regards to
the distribution of surgery durations for certain patient
types could be employed as well. Especially machine
learning techniques could provide opportunities to map
patient characteristics to expected surgery durations
when large-scale data is available data.

Conclusions

The study presented in this paper is part of a close col-
laboration between the authors and the University Hos-
pital Augsburg. Based on deliberations to introduce a
multitude of changes to current management practices
in their large operating theater, we developed a detailed
simulation of both the scheduling process and the online
management decisions. A large dataset with detailed in-
formation on each of over 10 thousand surgeries per-
formed between October 2015 and July 2016 serves as
input for our analyses. Our approach allows us to cap-
ture various intra- and inter-day effects of changes to
the scheduling policies and the handling of schedule dis-
ruptions to analyze their potential benefits. Furthermore,
we incorporate detailed disruption management, e.g.
preponements and operating room reassignments, as
well as realistic rescheduling of deferred surgeries, enab-
ling us to derive insights into resource idle times,
cancellation rates and waiting times of individual pa-
tients. The close interaction between the operating room
management and our team allowed us to achieve such a
high level of detail in the simulation model. Thus, we
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can reliably evaluate potential changes in management
policies — arguably better than (more abstract) analytical
models would have allowed us to. Typically, the pro-
posed managerial changes lead to trade-offs between the
number of performed surgeries and quality-related per-
formance measures such as waiting time, overtime, or
surgery deferrals. While the existence of such trade-offs
is mostly unsurprising, managers need to understand the
magnitude of the expected changes in performance
measures.

Lessons learned for our practice partner comprise an
adaption and an increase in the number of timestamps
that are collected during each surgery. Moreover, the
category of urgent patients was refined to separate semi-
urgent from very-urgent patients following our project.
Finally, the planned surgery duration used in scheduling
has changed from merely representing the average his-
torical duration to be the result of a dynamic forecast
system, so that new surgery data influence the forecast
of future procedures.
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