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Abstract

Background and Objectives: Operating rooms (ORs) are precious resources in hospitals, as they constitute
more than 40% of the hospital revenues. As such, surgical cancellations are very costly to hospitals. Same-day
surgery cancellations or no-shows were found to be the main contributing factor to underutilization of ORs in a
public-sector hospital despite the existence of long surgical wait lists.

Methods: To demonstrate the feasibility of overbooking surgical procedures, a Monte-Carlo simulation model
to predict unused OR time was built and validated using 6 months of historical data. We first fitted statistical
distributions to the random parameters, using Easyfit® software. Then, a surgical case-mix optimization problem
was formulated to prescribe the surgeries for overbooking that maximize the profits over the predicted unused
OR time. The optimization model was solved both deterministically based on average historical surgery durations
using Lingo software package and heuristically by taking into account the random nature of surgical durations
using Risk Solver Platform® add-on to Microsoft Excel.

Findings: We conducted simulation-optimization of the stochastic model for the three selected dates. Results
show significant improvements over the base case of no overbooking. The increases in the average surgical
profits due to overbooking on three randomly selected dates were 89%, 36%, 93%.

Conclusions: To the best of our knowledge, this study is the first applied demonstration of descriptive, predictive,
and prescriptive analytics to improve surgical operations through overbooking. The analysis shows significant
opportunities in generating surgical profits (36%-93% on randomly selected validation dates) and reducing
average wait times (by 4.16 weeks) without risking OR overtime.

Keywords: Case-Mix problem, No-shows, Surgical Overbooking, Monte Carlo Simulation, Wait times

Background and Objectives

Operating rooms (ORs) are precious resources in
hospitals, as they generate more than 40% of the hospital
revenues.' As such, surgical cancellations are very costly
to hospitals.

The literature has documented varying degrees of
cancellations both prior and on the day of the surgery.2”
Reasons for same-day surgery cancellations are varied
and include lack of beds, lack of theatre time, staffing
issues, list transfer, equipment issues, patient not turning
up, patient medical reason, patient not ready, change in
surgical plan, insufficient pre-operative work-up, surgeon
being overbooked, surgery running late, patient refusing
the surgery, or relatives of patient not available.5*

Some elective surgeries may be cancelled for various
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reasons prior to the scheduled day of surgery (up to the
day before). These cancellations are referred to as in-
advance cancellations throughout the rest of this paper.
There are also same-day elective surgery cancellations
with no prior notification because the patient does not
show up (i.e. no-shows) or the patient is not clinically
or otherwise suite for the surgery anymore (e.g. due
to deterioration of health or the realization that certain
medicines the patient is still taking should have been
discontinued prior to the surgery), or less commonly due
to the fact that the patient has recovered to the point that
the surgery is not required anymore.

Typically, there are also a number of same-day add-
on completed surgeries which have not been scheduled
beforehand by the scheduling clerk. These are completed
with no prior notification of the scheduling clerk and are
coordinated directly through the surgeon. In fact, from the
perspective of the scheduling clerk, these are similar to
walk-in patients showing up with no prior appointment at
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outpatient clinics.

This study was motivated by underutilization of ORs
in spite of long wait lists for elective surgeries in a public
sector hospital. At the hospital under study, elective
surgeries are typically scheduled by a scheduling clerk.
The hospital has 6 ORs dedicated to elective surgeries
and thirteen surgeons of various specialties who each
perform elective surgeries on specific days of the week.
Descriptive data analytics conducted on 6 months of
data obtained from the teaching hospital under the study
revealed high levels of same-day cancellations for some
surgeons and days of the week, to the extent that could
not be compensated by same-day add-on surgeries. It
was noted by the scheduling clerk that these same-day
cancellations are a pure result of patients not showing
up or not needing or suitable for the surgery anymore,
and not a result of organizational challenges such as a
lack of beds for these patients; as these organizational
challenges, if occurred, are dealt with the day before the
day of the surgery at the latest and are captured under the
in-advance surgical cancellations.

Our paper considers overbooking of electives surgeries
as a potential solution to compensate for same-day
cancellations or no-shows in a public sector teaching
hospital. Overbooking has been a successful strategy
in many industries, most notably the airline industry,'*"
and hotel/accommodation industry.'®?' Weatherford and
Bodily provides a good review of overbooking.2?
Generally, overbooking in healthcare is different from the
transportation and hospitality industry and are relatively
limited and mainly focused on studying overbooking
scheduling in healthcare clinics to improve patient
access. 3

To the best of our knowledge, this is the first study that
demonstrates the value of overbooking in the elective
surgical domain to compensate the detrimental effects
of same-day elective surgical cancellations. This study
presents a novel data-driven analytics approach to
compensate for same-day surgical cancellations at the
hospital under study and increase surgical profits.

Methods

Figure 1 shows a schematic representation of our
research steps.

The Data

We received detailed data from four different sources
within the hospital for a 6-month period from April to
September 2016. Data types are summarized in the
following table (Table 1).

Applying overbooking Strategy in Operating Rooms

Descriptive Data Analytics

The first analysis we conducted was on the wait list
data. Using aggregate levels of the number of surgeries
performed by each surgeon, we were able to estimate the
average wait times of patients on each surgeon’s wait list
by using equation 1 (with the terms in bracket showing the
unit of measurement):

Average Wait Time for Each Surgeon (Weeks) =
Length of the Wait List for Each Surgeon (person)
person. (1)

Average Number of Weekly Surgeries Performed ( week)

Our analysis of average wait times showed significant
variations among the surgeons, with the wait times
ranging from 0 week to 35 weeks, with an average wait
time of 6.9 weeks among all surgeons (see Figure 2). This
analysis allowed us to identify the surgeons whose wait
lists are large enough that could potentially benefit best
from overbooking, as they satisfy the condition of existing
backlogged demand. Specifically, surgeons | and D were
identified as potential candidates.

A detailed analysis of OR utilization throughout the
day shift (using the start and end times of completed
operations) was conducted for every day of the week over
the course of 6 months. A utilization of 100% shows that
all 6 ORs were used throughout the shift. Table 2 shows
average OR utilization by day of the week based on the 6
months data received from the hospital. The hospital only
performs elective operations 6 days per week.

lists despite low operating room utilization

yl «Problem identification through expert interviews and observations: high surgical wai1]

/ «Identification of same day cancellations as the major cause of the problem based on
> analysis of 6 months of surgical wait list and operating room data

/ +Building and validating a Monte Carlo simulation model to predict unused operating
room time based on historical data
«Formulation a surgical overbooking optimization model and solving the model
deterministically to recommend surgical case mix
‘ +Solving the model through simulation-optimization to account for stochastic surgical
times
| +Sensitivity Analysis ‘
Figure 1. The Research Steps.
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Figure 2. Average Wait Time in Weeks by Surgeon.
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The first analysis we conducted was on the composition
of surgeries performed and cancelled using the patient
identifier information to merge the information from the
various sources. Figure 3 shows the average daily number
of each of the above four categories by day of the week
over the course of the 6 months.

As shown in Figure 3, Weekday 1 and 2 have the highest
average number of same-day cancellations which are not,
on average, compensated by same-day add-on surgeries.
As such, Weekday 1 and 2 were identified as days of the
week potentially suited to benefit from overbooking to
compensate same-day cancellations.

Out of surgeons D and /who had been identified (through
the length of their wait lists, as per Figure 2) as potential
candidates for overbooking, Surgeon D operates on
Weekday 1 (but not Weekday 2), while surgeon / does not
operate on either Weekday 1 or 2. While the overbooking
approach can potentially be applied for other surgeons and
other days of the week, we solved our model for Surgeon

Table 1. Data types

No. Data type

1 The wait list data for each surgeon

2 The OR booking records of the scheduling clerk

Data on completed surgeries over the same 6-month period
of time

3
4 Detailed insurance billing records

Table 2: Average OR Utilization by Day of the Week

Day of Week Average OR Utilization
Weekday 1 67.3%
Weekday 2 70.0%
Weekday 3 65.0%
Weekday 4 71.0%
Weekday 5 60.8%
Weekday 6 58.5%

Table 3. Candidate Surgeries for Overbooking on Weekday 1s for Surgeon D

D on Weekday 1 as an example to best demonstrate the
value of our solution. Figure 4 shows average number of
surgeries by surgeon D on Weekday 1, demonstrating
that same-day cancellation volumes on average were not
compensated by same-day add-on surgeries.

Out of all the possible surgeries to overbook for a surgeon,
the ideal ones have the following characteristics: i) there
is a backlog demand for that surgery (waitlist) by that
surgeon, ii) the surgeon is experienced in performing the
specific type of surgery, iii) the patient is unlikely to need
overnight hospitalization to minimize chances of surgery
cancellation due to lack of beds caused from overbooking.
Since our wait list information did not include the type of
surgery the patient was waiting for, we did an analysis

Average Daily Volume of Surgeries by Day of Week
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Figure 3. Average Daily Volume of Performed and Cancelled Surgeries
by Day of Week.

Average Daily Volume of Performed and Cancelled Surgeries
by Surgeon D on Weekday 1
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Figure 4. Average Daily Volume of Performed and Cancelled Surgeries
by Surgeon D on Weekday 1.

Number Performed by
Percentage of Cases With

Type of Surgery  Name of Surgery Surgeon D Over 6 Months
0-1 day of Hospitalization
in 2016

1 Repair, Forehead, cheek, hands or legs; to 7.5 cm 21 38%
2 Transfer, tissue next to injury, or repair, tissue defect 10 60%
3 Transfer or move, tissue next to each area of body 17 47%
4 Debridement, skin and subcutaneous tissue 9 55%
5 Septorhinoplasty 22 95%
6 Skin graft, total free thickness in area, repair of trunk, head skin 11 45%
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Table 4. Model Validation against Historical Data for four Randomly Selected Weekday 1s

Number of Surgeries on Randomly Selected Dates

Number Surgery Name Date 1 Date 2 Date 3 Date 4
w N w N w N w N
1 Osteotomy 1
2 Incision and extract 1
3 Constructing, piped or direct flap
4 Reconstructing, tendon pulley, each > 2 > 1
tendon
5 lumbosacral
6 Suture, facial nerve 1
7 Repair, extensor tendon 1
8 Repair, forehead, cheek, hands or 1
legsto 7.5 cm
9 Embed, tissue expanders for cases
except for breast
Transfer, tissue next to injury, or
10 o
repair, tissue defect
11 Tenolysis, Extensor tendon of PLM
or finger
12 Septorhinoplasty 1 1
13 Transfer or move, tissue next to each
area of body
14 Debridement, skin and subcutaneous
tissue
15 Big nerve of hand or leg 9 except for 1
sciatica
16 Split skin graft, trunk organ 1 1
17 Skin graft, total free thickness in area,
repair of trunk
18 Nerve graft (include graft 1
procurement multithreading (cable))
19 Nerve graft (include graft 1
procurement one threading (cable))
20 Graft or transfer, tendon-flexor 1
21 Direct laryngoscopy with surgery 1
microscope
Averagg estimated total surgery time based on 104 13.1 107 16.8
1000 trials
95% confidence interval of estimated average total
surgery time based on 1000 trials (6.63,15.29) (11.16,20.45) (7,16.9) (7.86,17.82)
Actual total surgery time 10 12 9.5 17.5
: o o )
Does total real time fall within the 95% confidence Yes Yes Yes Yes

interval?

of the historical surgeries performed by surgeon D to
identify the high volume ones, and assumed those are
the ones in demand (and as such wait listed) to check
for the first condition. These surgeries also satisfied the
second condition above, as the surgeon was experienced
in performing them. We conducted another descriptive
analysis that looked at the percentage of patients who
required zero or one day of hospitalization in total for
each type of surgery, to further narrow down the types of
surgeries to those that satisfied the third condition above.

Table 3 shows the list of surgeries that were selected
for Surgeon D, and confirmed by the surgeon as potential

good candidates for overbooking.

The Model

We need to determine the case mix of surgeries to
overbook. Our goal is to maximally incentivize the surgeon
financially, while not running the OR longer than the OR
maximum unused time. We formulate the problem as
follows:

Max ¥2_,(Sj * (Rj — C))) —M « MAX(;Sj = tj —A,0) )
Subject to:
Sj=0j*P
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Table 5. Parameter Estimates Used in the Deterministic Optimization
Model

Random Parameter Measun:sg:“?ta;ameter Es\t;:;s;ed
T Average 10‘1101731
P Average 0.6894

t, Average 2.42

t, Average 2.63

t, Average 2.82

t, Average 3.00

ty Average 3.675

ts Average 4.511

The objective function seeks to maximize the profit
gained from overbooked surgeries, without letting the
surgical time surpass the unused OR time (). denotes the
type of surgery out of a subset of surgery types ( types of
surgeries) deemed appropriate for overbooking. Selection
criteria for the subset of surgeries deemed appropriate
for overbooking were explained earlier and the subset of
surgeries for Surgeon D was shown in Table 3. denotes
the number of surgeries of type that are overbooked and
can take only positive integer values. denotes fraction
of pre-scheduled surgeries that are performed (i.e. one
minus the fraction of same-day cancellations). denotes
the number of surgeries of type that are overbooked
and completed (i.e. not cancelled). denotes the revenue
(i.e. tariff) from surgery type and denotes the costs of
performing surgery type , which are, according to the
hospital, 40% of the surgical tariff. Finally, is the duration
of surgery type and
overbooked surgeries together do not take longer than the

is a large number to ensure that

unused OR time. In other words, by assuming a large the
model does not let the OR to go overtime.

As a first step of scheduling overbooked surgeries,
we need to estimate unused OR time. Given the list of
pre-scheduled surgeries of a day for any given surgeon
(excluding in-advance cancellations) as provided by
the OR scheduling clerk, the total surgery time can be
calculated as:

N

Tv=>t )
i=1

Where is the total surgery time for a given surgeon on a
given day, is the fraction of pre-scheduled surgeries that
are performed (i.e. one minus the fraction of same-day
cancellations), is the total surgery time for the scheduled
surgeries ( stands for the number of scheduled surgeries),
is the total expected surgery time for all same-day add-on
patients ( stands for walk-in, which is the equivalent term

Sadeghzadeh et al

to same-day add-on cases in surgery), and is the duration
of surgery . Note that all time parameters include cleaning
up and preparing the OR for surgeries.

To calculate T, we first fitted statistical distributions to
the lengths of surgery by type of the surgery () that were
performed by Surgeon D based on the 6-month data (25
Saturday comprising a total of 124 surgical cases for
surgeon D), we had received from the hospital, using
EasyFit© software package. We also fitted statistical
distributions to the total daily surgical time spent for add-
on surgeries () performed by Surgeon D, as well as the
fraction of pre-scheduled surgeries that are performed
(), using the same software package. The first ranked
distribution for each parameter, based on the Kolmogorov-
Smirnov goodness of fit test provided by EastyFit© was
selected.

We, then, conducted a Monte-Carlo simulation using
the Risk Solver Platform© add-on to Microsoft Excel to
calculate T for four randomly selected weekday 1s over
the 6-month period. We varied the number of trials and
visually inspected that variations in average T stabilize
around 1000 trials, as demonstrated in Figure 5.

As such, we conducted 1000 trials for the four randomly
selected weekday 1s to calculate the average and 95th
percentile confidence interval of for each day. Given that
we had the actual for each day as well (based on our
historical data), we were able to validate the Monte-Carlo
simulation model by confirming that the actual fell into the
95th percentile confidence interval predicted by our Monte
Carlo Simulation using the fitted statistical distributions for
surgery duration by type and total daily add-on surgery
time.

Table 4 shows the details of our model validation, where
shows the number of walk-in surgeries (same-day add-
on completed surgeries) and shows the number of pre-
scheduled surgeries (pre-scheduled completed surgeries)
observed on each day.

Unused time in OR is calculated as:

A=U-T (5)

Where
surgeries to be overbooked, is the maximum allowable
time in the OR, and is the total surgery time for a given
surgeon on a given day as calculated in Equation 2. For

is the unused time available for additional

the parameter , upon consultation with the OR manager
and surgeon D, it was decided to set it to 16 hours, as
each surgeon is supervising the operations (conducted by
fellows and residents) in two ORs simultaneously, and as
such has twice the duration of the shift (8 hours) in each
shift available. Since T is a random parameter, would be
a random parameter as well.

Int J Hosp Res 2018, Volume 7, Issue x
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To solve the model (2), we first used the average of
each of the random parameters based on a 1000 trials
of the Monte-Carlo simulation model (as per Table 5) and
solved the deterministic optimization model using Lingo
software package for the three of the previously randomly
selected Weekday 1s that had average estimated total
surgery time based on 1000 trials of less than 16 hours
(as per Table 4).

Table 6 shows the results of solving the model
deterministically for the three selected Weekday 1s.

Simulation-Optimization of the Stochastic Model

We next conducted a simulation-optimization of
the stochastic optimization model using the statistical
distributions fitted to the random parameters of surgery
durations (as per Table 7) in a Monte-Carlo simulation
model run for 1000 trials. The simulation model requires
values for the decision variables and since an indefinite
combination of values could have been tested, we used
the values obtained from the deterministic optimization
model as the base values and applied a heuristic where
each value was changed by minus or plus one surgery at
atime.

Results

We conducted simulation-optimization of the stochastic
model for the three selected Weekday 1s. The results are
shown in Table 8. Results show significant improvements
over the base case of no overbooking.

Since we had no detailed information on the wait list (i.e.
our data lacked the type of surgery the patient is waiting
for), it was difficult to fully assess the impact on the waiting
list. Naturally, we assume that performing more operations
would decrease the size of the waiting list. Based on the
sample of the four random weekday 1s, an average total
of 5 surgeries may be overbooked (using the deterministic
model results). Assuming a month consists of four weekday
1s and overbooking is only implemented on weekday 1s,
this results in an average of 1.25 surgeries overbooked
per week. Using equation 1, we roughly estimate that
this increase in the volume of performed surgeries could
result in an average wait time of 13.3 weeks for surgeon
D, or a 4.16 weeks of decrease in average wait times.
This is of course a conservative estimate, as using the
heuristic approach even more overbooked surgeries may
be scheduled.

Sensitivity Analysis

In this research, we use a partial scale method for
sensitivity analysis of the model. This method examines
the effect of each parameter on the value of the objective

Applying overbooking Strategy in Operating Rooms

function, separately and by keeping other parameters
constant. To analyze the sensitivity, we examine the effect
of the changing two definite parameters of the model (U
and M) by giving different values to each of them. Table 9
below analyzes the sensitivity of the model to the different
values of these 2 parameters.

As it can be seen in Table 9, on all three dates, with
an increase/decrease in U and M, % increase in average
surgical profits due to overbooking also increases/
decreases, which is quite logical. We found that the model
is more sensitive to the U parameter value compared to
the M parameter value.

Discussion

The case study presented in this paper demonstrates
the potential of increasing profits from surgery (36%-93%
on randomly selected validation dates) and decreasing
surgical wait lists through overbooking (by 4.16 weeks)
without risking OR overtime.

Our approach does notaim to interfere with the operations
or judgment of the surgeon or the OR scheduling clerk, as
the surgeries scheduled by them are treated as given and
used to estimate T. We only suggest the addition of some
overbooked cases to compensate for potential same-day
cancellations.

Since we aimed to show the potential of this approach,
we used the readily available data to estimate various
parameters. We also used the historical data to identify
surgeries that may require a short hospitalization (0 or
1 days). In reality, the surgeon is very knowledgeable
about the patients on his/her wait list and does not need
to depend on this list of surgeries identified through our
descriptive analysis. The surgeon should be able to assess
which patients waiting for which surgeries are more likely
to not need overnight stays and as such create a waiting
list of “candidates for overbooking” that can be used
instead of the few types of surgeries we have selected.
In this way, the OR scheduling clerk should be able to
enquire about available hospital beds and as such, in
times of existing vacant beds, even patients with expected
overnight stays may be candidates for overbooking. As
such, our estimates of increased surgical profits should be
treated as underestimates, because in reality there may
be a larger pool of surgery types and patients appropriate
for overbooking, which could result in a higher value of the
objective function.

Finally, we see our solution as an inexpensive temporary
solution to compensate for the high number of same-day
cancellations. A more fundamental (though likely costly)
solution is to look into the root causes that drive such high
number of cancellations and try to improve the process
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Table 6: Optimal Values of Decision Variables in the Deterministic Model

Parameter Date 1 Date 2 Date 3
Number of surgery type 1 (O1) 0 0 0
Number of surgery type 2 (02) 0 0 0
Number of surgery type 3 (O3) 0 0 0
Number of surgery type 4 (O4) 0 0 0
Number of surgery type 5 (O5) 1 1 2
Number of surgery type 6 (O6) 1 0 0
Surgical profit due to overbooking (value of objective function) 6755798 (IRR) 3304240 (IRR) 6563690 (IRR)
Base surgical profit (no overbooking) 8324680 (IRR) 11302354 (IRR) 7236068 (IRR)
% Increase in surgical profits due to overbooking 81% 29% 91%

Note: The profits are based on the Iranian currency (Rial).

Table 7. Statistical Distribution Fitted to the Random parameters of Surgery Durations

Parameters Signs:

Parameters Definition

Probability Distribution Function

Duration of "repair, forehead, cheek; hand or legs to 7.5 cm"

Gamma (12.23,0.198287)

Duration of "Transfer or move, tissue next to each area of body "

Gamma (9.587,0.383347)

Duration of "Skin graft, Total free thickness in area, repair of trunk, head

Gamma (19.36,0.135531)

skin; upper limb or lower limb"

Duration of "Exploration (without repair surgery) or release artery; carotid

artery"

Gamma (3.0224,1.0152)

Duration of "Transfer, tissue next to injury, or repair, tissue defect"

Gamma (13.256,0.34)

ts Duration of "Septorhinoplasty" Gamma (6.62,0.4265)
T, Total walk-in surgeries duration in a day Gamma (2.364,2.9366)
T Total surgeries duration in a day ( for calculating U) Gamma (7.1,2.26)

P Show-up percentage of pre-scheduled surgeries Weibull (5.109,0.75)

Table 8: Results of the simulation-optimization model

% Increase in

Average of Surgical 95% Percentile of Baseline Surgical
Total Average Profit Average Surgical
Date  O1 02 O3 04 05 O06 Profit Due to Surgical Profit due to Profit without
With Overbooking Profits Due to
Overbooking Overbooking Overbooking
Overbooking
Date1 0 2 0 0 1 1 7396158 (IRR) 12743164 (IRR) 8324680 (IRR) 15688820 (IRR) 89%
Date2 0 1 1 0 1 0 4130322 (IRR) 9701454 (IRR) 11302354(IRR) 15432676 (IRR) 36%
Date3 O 1 1 0 2 0 6723780 (IRR) 11622534 (IRR) 7236068(IRR) 13991866 (IRR) 93%

24
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Figure 5. Average Total Surgery Time Estimated by Number of Trials in Monte-Carlo Simulation.

Int J Hosp Res 2018, Volume 7, Issue x



Sadeghzadeh et al

Table 9. The Model Sensitivity Analysis

Applying overbooking Strategy in Operating Rooms

Average 95t Percentile Baseline % Increase in
Total Average
K of Surgical of Surgical Surgical . Average Surgical
Dates Parameter O1 02 03 04 05 O06 Profit With
Change Profit due to Profit due to Profit Without . Profits Due to
Overbooking
Overbooking Overbooking Overbooking Overbooking
0% 0 2 0 0 1 1 7396158 (IRR) 12743164 (IRR) 8324680 (IRR) 15688820 (IRR) 89%
U +10% 0 2 1 0 2 0 8228626 (IRR) 13671686 (IRR) 8324680 (IRR) 16521288 (IRR) 98%
Date 1 -10% 0 2 1 0 1 1 6531672 (IRR) 12006750 (IRR) 8324680 (IRR) 14664244 (IRR) 76%
+10% 0 2 0 0 1 1 7396158 (IRR) 12743164 (IRR) 8324680 (IRR) 15688820 (IRR) 89%
M
-10% 0 1 0 0 1 1 6883870 (IRR) 11878678 (IRR) 8324680 (IRR) 15112496 (IRR) 81%
0% 0 1 1 0 1 0 4130322 (IRR) 9701454 (IRR) 11302354 (IRR) 15432676 (IRR) 36%
V] +10% 0 2 1 0 1 0 5282970 (IRR) 10950156 (IRR) 11302354 (IRR) 16521288 (IRR) 46%
Date 2 -10% 0 1 1 0 0 1 3746106 (IRR) 9285220 (IRR) 11302354 (IRR) 15080478 (IRR) 33%
+10% 0 2 1 0 1 0 4642610 (IRR) 10181724 (IRR) 11302354 (IRR) 16233126 (IRR) 44%
M
-10% 0 1 0 0 0 1 3169782 (IRR) 8772932 (IRR) 11302354 (IRR) 14504154 (IRR) 28%
0% 0 1 1 0 2 0 6723780 (IRR) 11622534 (IRR) 7236068 (IRR) 13991866 (IRR) 93%
U +10% 0 2 1 0 2 0 8836968 (IRR) 13511596 (IRR) 7236068 (IRR) 15944964 (IRR) 120%
Date 3 -10% 0 1 1 0 1 0 5923330 (IRR) 14248010 (IRR) 7236068 (IRR) 13063344 (IRR) 80%
+10% 0 1 2 0 2 0 7524230 (IRR) 12455002 (IRR) 7236068 (IRR) 14792316 (IRR) 104%
M
-10% 0 1 0 0 2 0 6243510 (IRR) 11110246 (IRR) 7236068 (IRR) 13223434 (IRR) 82%

in order to minimize such instances. Such root cause
analysis and process improvement is the main area of
future research that we see appropriate to deal with this
problem.

Conclusion

This study showed a demonstration of data-driven
the
underutilization of ORs in spite of long wait lists in a

informatics to solve real-world problem of
public sector teaching hospital. Descriptive analytics was
performed to reveal same-day surgery cancellations as
a contributing factor to low utilization of ORs. Predictive
Monte-Carlo simulation was performed to predict unused
OR time based on 6 months of historical data. Prescriptive
deterministic case-mix optimization problem as well as
a stochastic model solved by a simulation-optimization
heuristic were performed to select the surgeries for
overbooking that maximize the profits over the predicted
unused OR time and minimize the OR waiting lists. While
overbooking services in different industries has been
vastly studied, to the best of our knowledge, this is the first
of such study in the elective surgical domain (and one of
the few studies in health delivery settings).

The advantage of our approach over other wait time
reduction approaches is a simultaneous reduction of wait
times and increase in surgical profits. Our analysis showed
significant opportunities in generating surgical profits
and reducing average wait times for a sample surgeon
in a public sector teaching hospital. Our approach can

easily be customized to other settings by fitting statistical
distributions to the random parameter of the model based
on other surgeons’ historical surgical data in this or other
similar hospitals.

Abbreviation
(OR): operating room.
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