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Abstract— Efficiency in the Operating Room (OR) is a topic of 

growing interest. Planning of care is a crucial element to ensure 

optimal use of the ORs. Currently, OR scheduling is considered as a 

complex task based on predictions of surgery duration. The latter 

are often based on average times, but turn out to be inaccurate in 

practice because of various factors (such as complexity, patient’s 

characteristics, unexpected events, etc). The aim of this study is to 

develop a prediction system that estimates in real-time the 

remaining duration of a surgical procedure. The prediction system 

was based on monitoring the progress of a procedure by recording 

the activation of a single piece of equipment in the OR, the 

electrosurgical device. Support Vector Machines was then used as a 

classifier to predict the remaining surgical procedure duration and 

thereby the optimal timing to start preparing the next patient for 

surgery. The classifier was trained with data on the activation of the 

electrosurgical device during 55 laparoscopic cholecystectomies. 

The performance tests showed a mean error rate about 0.2, which 

means that about 80% of the procedures were classified correctly. 

The real-time prediction system is a promising tool to improve OR 

planning and decrease unnecessary patients’ waiting times. 

Keywords— operating room; planning; workflow; procedure 

duration; pattern recognition; support vector machines. 

I.  INTRODUCTION 

The attention for process and cost efficiency in the 
Operating Room (OR), which is the largest cost and revenue 
center of hospitals, has grown in the past few years [1, 2]. 
Various studies have underlined the importance of adequate OR 
scheduling [3-6]. These studies show that factors such as the 
availability of personnel and equipment, elective and urgent 
surgeries, and preparation of patients prior to surgery influence 
the planning. Moreover, a reliable prediction of surgery 
duration for each individual case is needed to achieve an 
optimal OR planning [5, 6]. The many factors that have to be 
taken into account make OR planning complex and often 
inaccurate [5, 6]. Information on the progress of a surgery is 
crucial to constantly adjust the planning and keep it optimal 
throughout the day [5, 7]. In the hospital involved in this study, 
updates about the progress of a surgery are exchanged by 
means of phone calls between the OR team and the OR 
scheduler or by entering the OR to discuss it. Both ways are 
disrupting the surgical process and are therefore not desirable 
[8, 9]. 1 
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Currently, an OR team member makes a phone call to the 
preoperative holding area when the next patient needs to be 
prepared for surgery. The timing of the phone call is watched 
by the nurse anesthetists and the surgeons, and is dependent on 
their personal views on the progress of surgery. This timing 
influences directly the journey of the patient in the hospital. A 
too optimistic view on the remaining surgery duration induces 
longer waiting times for the patients and overload of the 
preoperative holding area [10]. In contrary, if the patients are 
prepared too late, the OR will remain unnecessarily unused. An 
optimal timing for the start of the preparation of the next patient 
is desired in order to reduce waiting times, improve patients’ 
experience and to streamline the patient flow to the 
preoperative holding area with the OR schedule. Monitoring the 
progress of procedures and providing automatically a reliable 
update of the estimation of the end time of surgery, and 
subsequently the timing for preparing the next patient, would 
therefore be valuable.  

Previous studies investigated various monitoring methods 
for workflow mining in the OR [11-18]. They mainly 
monitored the usage of devices and instruments in order to 
recognize the surgical phase at each moment of the surgery. 
The two main methods for phase recognition were Dynamic 
Time Warping and Hidden Markov Models [15]. Dynamic 
Time Warping is a very reliable method for phase recognition 
but the main limitation is that data on whole procedures must be 
recorded before the method can be applied [12, 15]. Therefore, 
it is not suited for real-time predictions. Studies using Hidden 
Markov Models showed a high accuracy when data on the 
entire surgery was available [13, 15]. For this method, 
instrument and device usage was manually obtained from video 
data. Although it is technically feasible, the limitation is the 
necessity to develop sensors for monitoring automatically the 
numerous signals during surgery. For real time applications, 
this method is applicable but obtaining an accurate prediction is 
challenging [15]. For the sake of simplicity and practicality, we 
are aiming to limit the monitoring of the progress of the 
procedure to one single piece of equipment. A supervised 
classifier is used to predict for each point in time if the next 
patient can be called into the OR. In contrast to unsupervised 
Hidden Markov Models that model the phases of a procedure, a 
supervised classifier is not aiming at describing the phases, but 
focuses on predicting the timing for preparing the next patient 
as accurately as possible. Support Vector Machines (SVM) has 
been selected as the best performing classifiers among various 
others for the set of data presented in this paper.  

The aim of this study is twofold: 1) to determine the optimal 
timing for the preparation of the next patient and 2) to develop a 
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real-time prediction system that estimates this optimal timing 
according to the progress of the procedure, by registering 
signals from a single piece of equipment in the OR. 

II. METHODS 

A. Timing for preparation of patients 

For this study, laparoscopic cholecystectomies were 
selected to test the prediction system. These procedures are 
performed frequently and are relatively standardized.  

Data on surgical procedure duration, timing of the phone 
call to the preoperative holding area to start preparing the next 
patient and patient waiting times were gathered for laparoscopic 
cholecystectomies at a Dutch teaching hospital between 
01/2013 and 10/2014. 157 procedures were selected, after 
removing the procedures that were missing data on procedure 
duration or timing of the phone call. Then, the optimal timing 
of the phone call was determined, taking additional information 
provided by the OR personnel and the protocols of the hospital 
into account. 

B. Prediction System 

1) Monitoring the activation of electrosurgical device 
During laparoscopic cholecystectomy procedures, an 

electrosurgical device (Valleylab, Force FX or Valleylab, Force 
Triad) is used to remove the gallbladder from the liver. This 
device was selected as the piece of equipment to monitor as its 
activation matches certain stages of the procedure. A current 
sensor (Fig. 1) was developed to record the amount of current 
delivered to the electrosurgical device. The current sensor was 
placed between the power plug of the device and socket in the 
OR and logged the current used by the device approximately 10 
times per second. This provided an accurate recording of the 
activation of the electrosurgical device during the procedure.  

 
Fig. 1: Electrosurgical device and current sensor (encircled) 
 

The data corresponding to laparoscopic cholecystectomies were 
filtered out by using the time of the first incision and the last 
suture registered in the hospital’s digital planning system 
(Chipsoft EZIS). An example of raw data of a procedure is 
shown in Fig. 2.  

 
 

Fig. 2: Example of raw data obtained from the current sensor 

 

2) Pattern recognition 

The activation pattern of the electrosurgical device was 

used as input to recognize the progress of the surgery. 

Activations were defined when the measured value was larger 

than a selected threshold. From the activation patterns the 

following features were extracted each five minutes: 

- First time the device was activated 

- Last time the device was activated 

- Number of activations 

- Total duration of activation 

- Number of activations with minimum intervals of 30 sec 

- Binary indicating if the procedure was already finished  

With these features, a prediction is made if, at a certain time 

point, the next patient should be called in for preparation or 

not. This means that there are two classes. One class tells that 

the surgery takes less than a certain time and hereby that it is 

time to start preparing the next patient. The other class tells the 

surgery takes a longer time and the preoperative holding can 

wait to prepare the next patient. 

In this study, Support Vector Machines (SVM) was used as 

pattern recognition method. SVM is a binary classifier that 

attempts to linearly separate the time points in their distinct 

classes. After a SVM classifier is trained on the available 

example data (training data for which the end time of surgery 

is known), it can be applied to new and unseen data. The SVM 

classifier was trained to make a prediction based on the 

features extracted from the current sensor during 55 

laparoscopic cholecystectomies using PRTools (statistical 

toolbox for MATLAB). 
The features were normalized to make each feature weight 

the same in classification. Using forward feature selection, the 
above-mentioned features were determined to positively affect 
the performance of the classifier. Additionally, various features 
on patient and surgeon (patient age and BMI, surgeon ID, and 
surgeon in training ID) were tested, but did not increase the 
performance and were therefore abandoned.  
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3) Real-time prediction system 
In order to use the prediction in real-time, the classifier must 

work with data of an on-going surgery. During the first 15 
minutes after the first incision, the features are extracted from 
the data of the current sensor, they are scaled and placed in the 
classifier to obtain a prediction result. After the first 15 minutes, 
the classifier makes its first prediction on whether or not the 
next patient can be prepared. The system will keep making 
prediction every five minutes until the prediction that it is time 
to prepare the next patient or until 45 minutes have past. 
Therefore 6 classifiers had to be trained (15, 20, 25, 30, 35 and 
45 minutes). The minimum of 15 minutes and the maximum of 
45 minutes were set based on the availability of data to train the 
system. A prediction every five minutes was chosen to keep the 
amount of classifiers to train (and therefore the computation 
time) to a minimum and yet to provide enough accuracy about 
the timing.   

The accuracy of the prediction system and the effect of the 
number of samples were tested by randomly splitting the data 
25 times. 70 percent of the data was used to train the classifier 
and the remaining 30 percent of the data was used for testing 
the performance. The mean error and standard deviation were 
obtained for each of the classifiers. Finally, a simulation was 
performed where 17 procedures (30 percent of the data) are 
progressively processed by the classifier, until the prediction 
model determined it was time to start preparing the next patient, 
as it would do when tested in a real environment. The results of 
the simulation were compared to the ideal prediction, 25 
minutes before the end of the procedures.  

III. RESULTS 

A. Timing for preparation of patients 

During the course of a procedure, the next patient is already 
prepared for surgery. That means that first, a phone call has to 
be made from the OR to the preoperative holding area to start 
the process. Then, the patient is transferred from the nursing 
department to the preoperative holding area. This should take a 
maximum of 15 minutes according to the hospital’s protocols. 
Afterwards, the necessary preparations are performed before 
the patient can enter the OR. This should take a maximum of 10 
minutes. 25 minutes are thus needed for the preparation of a 
patient. After discussions with the OR personnel, it was decided 
that 10 minutes extra buffer time was advisable. The time 
needed between the phone call and the patient entering the OR 
was set at 35 minutes. Consequently, these 35 minutes equals 
the preparation and waiting time for the patient.  

For the 157 observed procedures, the mean preparation and 
waiting time for the patient was 47 minutes (SD: 17 min, 
median: 43 min). Plotting the preparation and waiting time on 
the y-axis and the procedure length of the previous surgery and 
the x axis (Fig.3) showed that the timing of the phone call was 
not optimal and that the majority of the patients had to wait for 
an unnecessarily long time. 

 

Fig 3. Timing of the phone call to prepare the next patient   

B. Prediction system 

After the last suture of a surgery, the patient needs to wake 
up, to be transferred to the recovery area and the OR needs to 
be cleaned, which take a minimum of 10 minutes. The optimal 
timing for the phone call to start preparing the next patient was 
therefore set at 25 minutes before the last suture of the surgery. 
The time that separates the two classes of the SVM classifier 
was consequently set at 25 minutes.  

The accuracy of the prediction system for all classifiers is 
shown in Table 1 in terms of mean error rate and standard 
deviation. A prediction was considered as inaccurate when the 
classifier predicted the surgery to be in the wrong class (e.g. the 
classifier predicted a surgery to take less than a certain time, but 
it turned out to take a longer time). 

The effect of the sample size on the mean error rate is 
shown in Fig. 4. The 45 minutes classifier is not displayed due 
to the low amount of samples available for one of its classes. 

Table 1: Mean error rate and standard deviation of all classifiers 

 
Mean Error SD 

15 min classifier 0.25 0.10 

20 min classifier 0.31 0.11 

25 min classifier 0.22 0.08 

30 min classifier 0.21 0.08 

35 min classifier 0.16 0.07 

40 min classifier 0.21 0.09 

45 min classifier 0.14 0.09 
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Fig. 4: Mean error rate with increasing training sample size 

The mean error rate gives an indication of the performance 
of the prediction system in terms of right or wrong choice of 
class (i.e. shorter of longer than a certain duration). Additional  
information on the performance, in terms of proximity to the 
ideal time of prediction, is provided in Fig. 5, which shows the 
results of the simulation using 17 procedures. The x-axis 
represent the procedure duration and the y-axis the time at 
which the prediction model determined the next patient should 
be prepared. The red line represents the ideal time of the 
prediction, 25 minutes before the end of the procedure. 
Predictions beneath the red line were considered too early, 
while procedures above the line were considered too late. The 
closer a sample procedure is to the red line, the better the 
prediction. Predictions within a scope of ten minutes of the 
ideal line, shown in the figure between the two yellow lines, 
were considered as sufficiently close to the ideal prediction to 
be used in practice. 

 

Fig. 5: Simulation using 17 procedures. The red line represents the ideal 
prediction time. The two yellow lines represent the range that is acceptable in 
practice 

IV. DISCUSSION 

This paper presents a real-time system to predict the 
remaining duration of a surgical procedure, and hereby the 
optimal timing to start preparing the next patient. The system is 
based on monitoring the activation of a single piece of 
equipment in the OR, the electrosurgical device.  

First, the optimal timing for preparation of the next patient 
was determined as 25 minutes before the last suture, according 
to historical data and discussions with OR personnel. Then, the 
prediction system was presented and the accuracy of the 
prediction was tested. Using the data of 55 laparoscopic 
cholecystectomies, an estimated error rate of 0.2 was found by 
splitting the available data in a set of 70% training data and 
30% testing data. A slightly downward trend in error rate was 
observed when more samples were used for training the 
classifiers. The error rate is expected to decrease further if more 
data of procedures would be available. 

Differences in the activation pattern of the electrosurgical 
device were observed between surgeons. Some of them 
activated the electrosurgical device before clipping the cystic 
duct, while others clipped first. This may have negatively 
affected the performance of the classifiers as the prediction 
system did not take into account which surgical method was 
applied. In the future, the classifiers could be trained for each 
surgeon to improve performance of the prediction system, 
keeping in mind that enough samples have to be available to 
train the classifiers. This leads us to a limitation of the proposed 
method; a certain minimum amount of training data have to be 
available first in order to properly train the classifiers.  

This paper focused on laparoscopic cholecystectomies. 
However, the same prediction system could be used for other 
procedures. The classifiers would only have to be trained using 
data of the other types of procedures. Moreover, the prediction 
model used data on the activation of a single device in the OR. 
The same method could also be applied for activations of other 
devices by adding features from these devices to the existing 
list of features (assuming data about the use of these devices is 
available). The performance could hereby be improved further. 
Especially surgeries where equipment is used at a specific 
phase within the procedure would benefit from the extra 
features. This would allow the real-time prediction system to be 
widely usable to update the OR planning.  

At this moment, parts of the prediction system are not 
automated yet, but it would be desirable in order to benefit at 
best from the application when used in an OR. The system 
should be started automatically at the first incision and the 
prediction for optimal timing for the phone call should be 
provided automatically to the appropriate OR personnel.  

To conclude, the real-time prediction system presented in 
this paper is a promising tool to improve OR planning, decrease 
patients’ waiting times and streamline the patient flow from the 
nursing department to the preoperative holding area and the 
OR. 

 

Prediction  

7 min too late 
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