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Operating rooms are a major source of both revenue and expenses within hospital
systems and surgical centers. Over the past two decades, a considerable amount of work
has been done to identify and address sources of wastefulness that contribute to
operating room inefficiencies. Quality improvement strategies have included surgery
scheduling algorithms, Lean and Six Sigma methodologies, patient- centered data, and
direct observations of communications and processes. While significant gains in
efficiency have been demonstrated, there still exists substantial opportunity for
improvement. The purpose of Part 1 of this narrative review is to synthesize the existing
research on pre-operative factors that directly impact operating room efficiencies,
discuss existing technologies previously used to address these factors, and identify the
potential for new technologies capable of data-analytics to further create value within
the operating room. Part 2 will cover intra- and post-operative sources of inefficiencies
and propose potential technological and data solutions.
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INTRODUCTION driving healthcare provider initiatives to decrease unneces-
sary costs and improve efficiency while maintaining supe-
rior patient care (Healey, EI-Othmani, et al. 2015; Healey,

In the United States, hospital care expenditures were 1.3$
Peterson, et al. 2015). The operating room (OR) has become

trillion in 2021 and are projected to increase 43% by 2031

(Centers for Medicare & Medicaid Services 2023). Therising 2 prima.ry target for improvements du? to both .its role in
healthcare costs and the push for value within medicine are ~8enerating revenue for hospitals and its potential for ex-
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cessive expenditure. ORs account for approximately 35-40%
of hospital costs and 60-70% of revenue (Schouten et al.
2023), with operational costs recently reported around $36
USD/minute (Childers and Maggard-Gibbons 2018) up to
$113 USD/minute in prior publications (Ting et al. 2012).

The causes of OR inefficiency are diverse and range from
personnel availability and surgical scheduling to unstan-
dardized operative workflow and OR turnover (Lee, Ding,
and Guzzo 2019). Although a large volume of research has
been conducted to address these inefficiencies, there still
exists considerable room for improvement that includes all
stakeholders and aligns metrics across functions (Schouten
et al. 2023). While pre- and post-operative factors (such as
patient tardiness and patient-provider communication, re-
spectively) also influence OR performance, Part 1 of this
narrative review aims to synthesize the existing research on
the factors that directly impact activities occurring pre-op-
eratively and the resulting impact on efficiency. Addition-
ally, it will discuss the results of studies employing existing
technologies to address these issues and identify oppor-
tunities for future technologies to further impact OR effi-
ciency.

DEFINING EFFICIENCY

The technical definition of efficiency as the output pro-
duced per unit of labor or capital (Palmer and Torgerson
1999) is not applicable to ORs due to variations in revenue,
surgical durations, and resources (Charlesworth and Pandit
2020; Oh et al. 2011). Past studies have used a variety of
metrics to measure OR efficiency, including procedure can-
cellation rate, first case start time, OR utilization, percent-
age of unplanned closure, case duration accuracy, operat-
ing room turnover time, excess staffing costs, and off hours
surgery (Lee, Ding, and Guzzo 2019; Fixler and Wright
2013). However, focusing on one metric alone can lead to
unexpected results and may negatively affect systemic ef-
ficiency (Schouten et al. 2023; Charlesworth and Pandit
2020). For example, under-booking the OR will lead to less
off-hour surgeries and same day cancellations but could po-
tentially decrease OR utilization (Charlesworth and Pandit
2020). To account for these discrepancies, Pandit and col-
leagues (Charlesworth and Pandit 2020; Pandit, Westbury,
and Pandit 2007) proposed an elegant yet simple defini-
tion: the optimization of OR utilization without excessive
unused time or over-time. OR utilization efficiency can be
operationalized using the equation proposed by Pandit et al
(Pandit, Stubbs, and Pandit 2009). wherein the fraction of
scheduled time used (fraction of scheduled time - fraction
of overrun) is multiplied by the fraction of scheduled oper-
ations completed.

Further work by Pandit and colleagues suggests that the
greatest gains in OR efficiency are realized by first optimiz-
ing OR utilization efficiency and then maximizing OR pro-
ductivity by reducing operative (wheels in to wheels out)
and gap times (time between patient entering recovery and
next patient receiving anesthesia) (Charlesworth and Pan-
dit 2020; Pandit, Stubbs, and Pandit 2009). Thus, the most
efficient ORs occur when institutions accurately estimate
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Figure 1. This figure demonstrates the relationship
between workflow efficiency (Productive Potential) and
overall performance (quantitative performance) (A),
showing that ORs with high productivity potentials
mavy still have low overall efficiencies due to poor
utilization efficiency. Conversely, ORs with high
utilization efficiencies have potential to improve
overall efficiency by accelerating surgical workflows
(B). Image adapted from Pandit et al (Pandit, Stubbs,
and Pandit 2009).
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workload capacity and surgeons/staff minimize wasteful
and/or unnecessary tasks (Pandit, Stubbs, and Pandit 2009)

(Figure 1):

PRE-OPERATIVE ACTIVITIES EFFECTING
EFFICIENCY

OPERATING ROOM UTILIZATION

Perhaps the largest opportunity to drive operating room
efficiency is to improve the organization and scheduling
of operating lists. Presently, the elective surgery cancel-
lation rate ranges from 10% to 40%, depending on the
size and type of hospital (Adugna et al., n.d.; Sarang et
al. 2022). Poor organization of OR schedules, resulting in
operative overrun and late starts, is the primary cause of
elective surgery cancellation (Koushan, Wood, and Great-
banks 2021) and responsible for 20% to 78% of surgery can-
cellations (Adugna et al., n.d.; Koushan, Wood, and Great-
banks 2021; Yildiz Altun et al. 2020; Talati et al. 2015).
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Additionally, up to a third of operating schedules may be
under-booked, resulting in a waste of valuable resources
(Pandit and Carey 2006). It is thus essential to improve
organization and management of operating schedules in
order to optimize OR utilization and reduce cancellations
(Charlesworth and Pandit 2020).

Traditionally, OR scheduling relied on time blocks al-
located to surgeons, surgeon’s case duration estimates, or
mean surgical times from databases (Dexter et al. 1999).
However, these methods have proven inaccurate, with sur-
geons correctly estimating operating times only about 26%
of the time, resulting in in overbooking ORs 42% of the
time and under booking 32% of the time (Laskin, Abubaker,
and Strauss 2013). Similarly, setting the operating schedule
according to mean surgical times is sufficiently accurate
only 13 to 25% of the time, resulting in 50% to 65% of
schedules over booked and 10% to 37% schedules under
booked (Pandit and Tavare 2011; Proudlove et al. 2013).

To address this, studies have developed algorithms in-
corporating mean surgical times, standard deviations, sur-
geon’s estimates, and patient characteristics (Levine and
Dunn 2015). For instance, an algorithm developed by Pan-
dit and colleagues (Pandit and Tavare 2011), which incor-
porated mean surgical duration, pooled standard deviation,
and acceptable limits for over-and under-utilization, was
shown to appropriately book approximately 76% of OR
schedules. Another model based on lognormal surgical du-
ration means, duration variance, and surgeon-specific vari-
ance significantly reduced over-and under-reserving per
case by approximately 10 and 12 minutes, respectively
(Stepaniak et al. 2009).

MACHINE LEARNING TO OPTIMIZE UTILIZATION

Traditional algorithms for predicting surgical durations re-
quire significant human input and constant adjustment.
In contrast, machine learning, a subset of artificial intelli-
gence (Al), can analyze large datasets and improve task per-
formance without explicit programming (Brown 2021). The
use of machine learning to predict surgical duration has
grown significantly over the past decade and shows great
potential to improve OR scheduling and utilization (Bellini
et al. 2019). Studies have demonstrated that machine learn-
ing models, using variables such as diagnoses, procedures,
and surgeon’s experience, can outperform current estima-
tion practices by as much as 50%, potentially saving up to
5,000 minutes of OR time over the course of two months
(Abbou et al. 2022; Huang et al. 2020).

Due to the necessity of detailed patient data, imple-
mentation of many machine learning models is limited as
backlogs may occur when patient information is missing.
Models using pre-operative variables have shown promis-
ing results, with one study reporting accurate prediction of
surgical time within 10 minutes for 50% of the cases sam-
pled and to result in less than 10% overtime for 73% of
the cases sampled (Chu et al. 2022). On the other hand,
wide variation was reported between departments, suggest-
ing that the model could be fine-tuned by department for
further accuracy.

DIGITIZATION OF DATA ACQUISITION

In 2004, a convention of operating room (OR) experts iden-
tified the need for “smart” scheduling of OR resources and
enhanced data acquisition and surgical informatics (Cleary,
Chung, and Mun 2004). Nearly two decades later a second
convention of OR experts concluded that many of the chal-
lenges associated with OR data acquisition, digitization,
storage, and actionability still exist (Maier-Hein et al., n.d.).

Data as simple as timestamps is actionable (Moskovitch
et al. 2019), and while machine learning models may ad-
dress the need for smart scheduling, their accuracy is lim-
ited by the quality of the data available. Hospital staff are
regularly expected to provide direct care and simultane-
ously record data associated with the details of the care,
which may result in electronic health records that are bi-
ased and not suitable for many research questions without
accurate timestamps (Agniel, Kohane, and Weber 2018).
Manual data recording by hospital staff, such as timestamp-
ing, is prone to errors due to stress (Brabrand, Folkestad,
and Hosbond 2011), relative perceptions of elapsed time
(Ismail, Bin, and Seow 2019), unsynchronized clocks (Cruz-
Correia et al. 2009; Ferguson et al. 2005), retrospective
recording errors and digit preferencing (Bennett and Wake-
field 2001; Locker and Mason 2006; Phelps et al. 2017), and
random errors (Ferguson et al. 2005; Bennett and Wakefield
2001; Locker and Mason 2006), all of which are exacerbated
by the recoding of large numbers of events (Kaye, Mancini,
and Truitt 2005).

The digitalization of data recording systems has the po-
tential to eliminate many errors and biases inherent to
human timestamping (Goodwin et al. 2022) and has been
shown in preliminary reports to improve accuracy and pre-
cision (Bottani et al. 2023). Digitization that enables direct
data recording with minimal human interference may also
reduce medical staff workload, leading to more cases and
patient-centered care (Engle et al. 2021; Kwame and
Petrucka 2021). A study by Agnoletti and colleagues (Ag-
noletti et al. 2013) demonstrated the potential of time-
stamped data to increase OR efficiency. OR staff were pro-
vided with personal digital assistants (PDAs) to timestamp
various stages of patient care. The data was then analyzed
by an operating room management system (ORMS), result-
ing in an 8% increase in raw OR utilization, reduced can-
cellations, and a 7% reduction in overtime. While this study
shows the potential for timestamped data to improve OR
efficiency, it does not automate data acquisition, and in-
stead places an additional burden on OR staff to interact
with the app to timestamp, scan, and record data.

The concept of a smart OR that automatically collects
and transmits data was proposed as early as 2007 by Agar-
wal and colleagues (Agarwal et al. 2007). In 2014, Garbey
and colleagues (Garbey et al. 2015) developed a smart OR
that automatically timestamped various stages of patient
care. The data collected allowed researchers to identify in-
efficiencies and their root causes, demonstrating the poten-
tial of automatic data collection to enhance OR schedul-
ing and utilization. While these findings are encouraging,
wide adoption of the system may be limited by the number
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Table 1. Examples of commercially available technologies and services capable of increasing value within the OR

Product Physical Data Acquisition and Analytics
Features
Omni™ Suite (“Omni™ Suite Intelligent Operating Room,” n.d.) e Object o Image recognition automatically captures
Zimmer Biomet, Warsaw, IN recognition timestamps of critical steps
cameras e Automated analytics
and Al PC e Al provides visibility that can be used to
e Digital optimize OR workflow
touch
screens/IU
e Surgical
lights and
booms
e Boom shelf
mounted
router
e Source con-
verters
Peak Performance? (“Technology Proven to Improve Operating e Lowresolu- o HIPPA compliant, third-party remote video
Room Performance Data Analytics Drive Patient Safety, OR tion cam- auditing
Efficiency, and Profitability,” n.d.) eras e ORand patient safety metrics updated
North American Partners in Anesthesia, Melville, NY e Wall every 2 hours
screens
e Accessto
data on per-
sonal de-
vices
Surgery Workflow Operations Dashboard (“Scale Your e Compatible e Extracts data from source systems
Enterprise Analytics Productivity with Confidence,” n.d.) multiple throughout the organization
Health Catalyst, South Jordan, UT source con- e Al provides data analytics and solutions
nectors
e Housesdata
inaware-
house
Theator Surgical Intelligence Platform (“Our Quality Excellence e Video e Surgical video data is captured in real time
Toolkit Is Your Hospital’s Resource for Quality Improvement,” recognition o Adverse events are recognized and noti-
n.d.) software fied
Theator Inc, Palo Alto, CA e EHRcon- e Al provides data analytics related to
nectivity surgery outcomes
ROSA Efficient Care (“Zimmer Biomet ASC Solutions,” n.d.) e Robotic as- o Automated data collection and analysis
Zimmer Biomet, EMEA sisted total combined with onsite assessment by solu-
joint arthro- tion consultants on-site
plasty e Lean Six Sigma quality improvement proce-
e App-based dures to eliminate waste, reduce instru-
data collec- ment sets and improve workflows
tion e Use of an app to visualize workflow and
digitally collected real-time data
Merlin (“Put Merlin to Work For You!," n.d.) o Analytics e Pulls data from institution EMR
Surgical Directions, Chicago, IL dashboard e Data analysis performed manually related
e EMRcon- to scheduling, materials, personnel, and
nectivity clinical performance
DEO.care (“Better Data Faster Insights,” n.d.) e Analytics e Measurements are taken from recorded
DEO, Ann Arbor, Ml dashboard videos or made directly by DEO in the OR
e Datareposi- e Data analysis and solutions provided by Al
tory and manual analytics

and potentially cumbersome placement of sensors and mo-  CONCLUSIONS
tion detection cameras. The advancement of Al, including
image recognition, may allow for a single unit to accom-
plish these tasks without interfering with OR flow. Avail-
able technologies and services capable of data capture and
analytics need to be considered individually (Table 1).

Over the past decades a high volume of research has been
conducted to identify the causes of, and solutions to, oper-
ating room inefficiencies. Of these, an efficient scheduling
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system is crucial for resource utilization and reducing de-
lays. Although the factors contributing to OR inefficiencies
are multifactorial, many are predictable and avoidable with
quality data and appropriate analytics. Many of the stud-
ies referenced within this review demonstrate the potential
to use actionable data to improve OR scheduling. However,
nearly all the studies increased administrative workload.
The adoption of technologies for automated data capture
and advanced analytics could help alleviate this burden, en-

abling OR staff to concentrate on patient care and proce-
dures, and providing stakeholders with actionable data to
identify inefficiencies and refine processes. As this review
has focused on pre-operative process improvement, Part 2
of this article will discuss intra- and post-operative oppor-
tunities for efficiency gains.
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