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Structured Abstract
Objective: We aim to facilitate effective surgical skill learning in virtual reality simulationbased training environments using automated real-time feedback.
Study Design: We introduce a feedback system that emulates the advice of a human expert
based on a multivariate analysis of drilling behaviour within a temporal bone surgery
simulator. We evaluate its performance through a study of 24 medical students (12 with
feedback and 12 without) performing virtual cortical mastoidectomy.
Setting: The feedback system was based on the Melbourne University virtual reality temporal
bone surgery simulator. The study was performed at the simulation laboratory of the Royal
Victorian Eye and Ear Hospital, Melbourne.
Subjects and Methods: The study participants were medical students from the University of
Melbourne. The extent to which the drilling behaviour of the feedback and non-feedback
groups differed was used to evaluate the effectiveness of the system. Its accuracy was
determined through a post-experiment observational assessment of recordings made during
the experiment by an expert surgeon. Its usability was evaluated using students’ self reports of
their impressions of the system.
Results: A Friedman’s test showed that there was a significant improvement in the drilling
performance of the feedback group. The post-experiment assessment demonstrated that the
system provided timely feedback 88.6% of the time and appropriate feedback 84.2% of the
time. Participants’ opinions about the usefulness of the system were highly positive.
Conclusion: The automated feedback system was observed to be effective in improving
surgical technique and the provided feedback was found to be accurate and useful.
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Introduction
Apprenticeship has long been the backbone of surgical education, where an expert provides
the trainee with feedback during supervised operative activity. More recently, competencebased training has played a significant role in response to calls for structured learning,
reduced opportunities for operating room training and community insistence on greater
accountability of training programs. Within this context, simulation has emerged as an
important training tool1,2. Virtual reality (VR) training environments are seen as advantageous
because they allow repeated training in risk-free environments. They are particularly useful in
domains such as surgery, where training resources are limited, participant numbers are high,
and failure is either expensive or catastrophic. Similar approaches have been used in training
for aviation3, health1, defense4, and emergency services5.

Simulation can be used to support the educational principle of “deliberate practice”; the
concept that in order for a novice to become an expert, he/she is required to undertake tasks
with the explicit intent of improving his/her skills6. Deliberate practice calls for the individual
to focus on a defined task, typically identified by a teacher, to improve particular aspects of
performance; it involves repeated practice along with coaching and immediate feedback on
performance7. Typically, the onus of providing feedback falls on human experts, and the need
for them to oversee the training greatly limits the utility and application of VR training
environments.

Previous attempts at overcoming the need for expert supervision in VR training environments
have mostly focused on end-of-task summative assessment8-10. While summative feedback
may be constructive, it cannot replace meaningful feedback provided during training. The few
researchers who have looked into the provision of real-time automated feedback in surgical
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simulation have only provided relatively simple forms of feedback. For example, Rhienmora
at al.11 provided real-time feedback on individual metrics (force, position, and orientation) in
a dental simulator by making comparisons with average expert values. Fried et al.12
quantitatively defined a range of errors for surgical performance (violation of tissue, violation
of instrument tolerances, force patterns, etc.) and provided real-time feedback by making
comparisons with a database of metrics from pre-recorded performances in an endoscopic
sinus surgery simulator. Sewell et al.13 provided real-time feedback on bone removed with
correct/incorrect technique according to the currently selected metric (visibility, force, or
removal region) in the form of coloured voxels (3D points) in a temporal bone surgery
simulator. Our previous work14 provided automated feedback on force applied by trainees
performing virtual temporal bone surgery.

Typically, these systems provided real-time feedback based on the analysis of individual
metrics. However, surgical skill is multi-faceted and there exist complex interactions between
various metrics that define it15,16. Moreover, feedback based on univariate analyses do not
closely emulate the meaningful and nuanced advice that human experts provide during
surgical training. We attempt to bridge this gap by introducing a system that provides realtime feedback on surgical technique based on multi-dimensional models of surgical expertise
as applied to virtual temporal bone surgery. The system was trained to classify hand
movements of surgeons as “expert” or “trainee” drilling behavior, and deliver feedback when
trainee drilling was observed. The feedback consisted of advice on how to modify specific
aspects of the drilling technique to better approximate expert behaviour and warnings when
trainees approached a critical anatomical structure with the drill.

In the study reported here, medical students undertook cortical mastoidectomy, the
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foundational operation on the temporal bone, within the virtual environment. After receiving
standardized instructions on conducting the surgery, they were randomly allocated to
receiving automated feedback or not. The main aim of the study was to determine whether
participants receiving feedback significantly modified their drilling technique to approximate
expert behaviour and avoid injury to critical anatomical structures, compared to those
receiving no feedback. A secondary aim was to determine whether the feedback given was
appropriate and timely. Finally, the study aimed to determine the usability and usefulness of
the feedback as assessed by participants’ self reports of their impressions of the system.

Methods
Test Platform
The simulation environment used in this research was the University of Melbourne’s VR
temporal bone surgery simulator17. With this simulator, surgeons can practice otological
operations such as mastoidectomy, middle ear surgery and the approach to cochlear
implantation. The simulator presents the trainee with two slightly offset images to produce the
illusion of a 3D operating space, when viewed through 3D glasses (see Figure 1). Major
anatomical structures that must be identified without injury during surgery, such as the facial
nerve, sigmoid sinus, dura, ossicles and the labyrinth are represented in the virtual temporal
bone. The surgeon interacts with the virtual temporal bone using a pen-like haptic device
(surgical drill) that provides force feedback in three dimensions.

Design of the Feedback System
To provide surgical technique feedback, we trained a classifier to recognize expert and trainee
behaviour using a previously collected dataset of 16 performances provided by 7 experts and
11 performances provided by 6 trainees on the simulator. The training data consisted of a
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series of “strokes” identified in the continuous data stream output by the simulator during a
surgical task. A stroke was defined as a set of points representing a continuous drilling
motion. The end of a stroke was considered to be reached when there was no material being
removed or when the direction of the trajectory showed an abrupt change18. For each stroke,
metrics that represent surgical technique (duration, length, average speed, average
acceleration, average force, straightness, median burr size, average magnification level, bone
removal rate, and average distance to closest anatomical structure) were determined19-21. The
strokes obtained from the expert and trainee performances were used to build a model that
identifies expert and trainee behaviour16.

The model, once trained could be presented with new data to be classified according to the
patterns detected during training. If a stroke with poor surgical technique was detected, advice
on how to improve the performance could be provided. To this end, the feedback system
determined the best metric to provide advice on, such that surgical technique could approach
the expert ideal. Thus, surgical technique feedback took the form of a suggestion, delivered
via audio, to either increase or decrease a metric such as stroke length, stroke speed, stroke
straightness, force, burr size, or magnification level16.

Proximity feedback was provided when the drill tip came within 10mm of an anatomical
structure. The aim of this feedback was to make the trainees aware that they were nearing a
structure and remind them to exercise caution when drilling, so as to expose the structure
without causing critical damage (e.g. facial paralysis, intracranial injury, severe hemorrhage,
or deafness).

When providing feedback, repetitions and delays were used to ensure accuracy and to avoid
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overloading the user with feedback. Surgical technique feedback was only provided to the
user after detecting n repetitions of the same feedback. Once a feedback was presented to the
user, processing of strokes was paused for a t period of time. If the same feedback was
detected within a T time period after the previously presented feedback, it was ignored. In our
trials, n=2, t=5s, and T=10s were established to be optimal values for the system. Figure 2
illustrates the workflow of the feedback system (see our previous work22 for more details).

Experimental Setup
To evaluate the performance of the feedback system, 24 students were recruited (13 MBBS,
10 MD, and 1 PhD) to participate in an experimental study. This study protocol was approved
by the Human Research Ethics Committee of the University of Melbourne (HREC
#1135497). All participants had prior knowledge of the anatomy of the ear, but had no
surgical experience. They were shown a video tutorial on how to perform a cortical
mastoidectomy, taught how to use the simulator, and after a familiarization period, asked to
perform this procedure on the simulator twice. 12 participants were provided with automated
real-time feedback, while the remaining 12 participants were not provided with feedback in
this form. The performance of all participants was recorded using a continuous data stream
from the simulator and through the use of screen capture software. At the end of the
procedure, participants in the feedback group were interviewed to obtain their views on the
system.

To evaluate the effectiveness of the feedback in modifying stroke technique, the percentage of
strokes classified as expert (using the behaviour model discussed above) for the two groups
was compared using a Friedman’s test. Further analyses of how the stroke technique changed
between the groups at different stages of the surgical procedure were also conducted.
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A post-experiment evaluation carried out by an expert otologist assessed the accuracy of the
feedback system on three error measures: 1) “false positive” classifications: when feedback
was provided while stroke technique was acceptable, 2) “wrong feedback”: when participants’
technique was accurately classified as “trainee” but the content of the feedback was
inaccurate, and 3) “false negative” classifications: when feedback was not provided while
stroke technique was unacceptable.

The metrics used to define surgical technique (stroke duration, stroke length, speed,
acceleration, force, straightness of stroke, size of the burr, magnification level, bone removal
rate, and distance to anatomical structures) were compared between groups using a
Friedman’s test to assess how they were affected by the feedback.

The amount of damage caused to anatomical structures was compared for the two groups in
an attempt to evaluate the effectiveness of the proximity feedback. The damage caused was
measured as the percentage of structure voxels (i.e. voxels that make up critical anatomical
structures) drilled when compared to the total number of voxels drilled during the procedure.
Further, the end products of the procedures of all participants were evaluated by an expert
otologist using the Welling Scale23, a validated method of assessment of the quality of a
mastoidectomy that systematically scores exposure and injury of key surgical landmarks. A
Friedman’s test was performed on the resulting scores to identify differences in the
performance of the two groups.

To assess the usability and usefulness of the feedback system, the participants’ answers to the
following interview questions were analyzed: 1) did you pay attention to the feedback and
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notice it while you completed the task?, 2) did it assist you when you were completing the
procedure or stages of it?, 3) was it unhelpful, irrelevant or distracting when you were
completing the procedure or stages of it?, and 4) how could the provision of feedback by the
system be improved or be made more useful?

Results
The results of the Friedman’s test, after adjusting for the effects of repetition, showed that the
percentage of expert strokes of the feedback group was significantly higher than that of the
non-feedback group (χ2(1) = 14.450, p < 0.001). A post-hoc analysis of the data using a
Bonferroni adjustment showed that there was no significant difference between the two
repetitions. Given the lack of difference in stroke technique between simulation procedures,
the data for each participant across the two repetitions were combined (averaged). The
percentage of expert strokes in the two groups during different stages (at 10% intervals of
completion) showed a consistent difference throughout the procedure (see Figure 3).

A total of 576 feedback messages were provided across the two repetitions of the participants
in the feedback group. 39 feedback messages were determined to be false positives; 52
messages were assessed as wrong feedback; and 69 instances were identified as false
negatives where feedback should have been provided but wasn’t. Therefore, timely feedback
was provided by the system 88.6% of the time, and in 84.2% of these instances it was
accurate.

Out of all the metrics used to define stroke technique, only the bone removal rates, when
removing either solid cortical bone or porous trabeculated bone, were found to be
significantly different between the two groups (χ2(1) = 4.050, p = 0.044 and χ2(1) = 6.050, p =
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0.014 respectively) after adjusting for effects introduced by the repetitions. The bone removal
rates were found to be higher in the feedback group when compared to the control group.

No significant differences were observed either between groups or between participants’
repetitions with respect to the percentage of structure voxels damaged or the scores obtained
using the Welling Scale23.

The majority of the participants indicated that they noticed the feedback, paid attention to it
when completing the task, and found it to be useful. Participants commented particularly on
the helpfulness of the warnings provided when they were close to an anatomical structure. For
example, participant P06 stated: “it reminded me to be gentle near structures”. Feedback on
surgical technique was also deemed to be helpful. For example, participant P01 said:
“particularly helpful was changing burr size and whether or not to zoom in”. Only one
participant indicated that the feedback was unhelpful while a few mentioned it was distracting
at times. For example, P01 said: “sometimes it was really out of the blue and caught you off
guard”.

Discussion
The results of the study indicate that the surgical technique feedback offered by the system
was effective in guiding drilling behavior towards an “expert” ideal, demonstrating that it can
help shape better surgical technique. These results are consistent with those of previous
studies on automated feedback within surgical simulators13,24, although none were conducted
on feedback of the sort provided in this study. The major difference was that in our study, the
focus was on surgical technique as a multivariate behavior model rather than on the individual
metrics that define it. For example, Sewell et al.13 provided real-time feedback on bone

#10

removal (based on individual metrics such as visibility, force, and removal region) and
showed that the group that received feedback maintained better visibility while drilling.
Judkins et al.24 presented feedback on parameters such as speed, grip force, and relative phase
in virtual laparoscopy surgery and observed that it improved performance with respect to
these metrics.

Whether the observed modification of drilling behaviour is in effect a move towards
improved performance is largely dependent on how close the expert ideal is to actual expert
performance, and if such an ideal can in fact be defined for a given task. It has been shown
previously that expert and trainee behaviour can be differentiated on a virtual reality temporal
bone simulator19 and the core metrics that define this difference have also been identified20,21.
The multivariate behaviour models developed using these metrics have been shown to
accurately classify expert and trainee performance16 indicating that for our application, an
expert ideal can be defined. These results are further validated by the outcome of the postexperiment analysis that assessed the accuracy of the feedback system.

The need for using multivariate over univariate drilling behavior to define the ideal is that
there are interactions between individual metrics that are not expressed in a univariate model
(e.g. the relationship between force and proximity to structures identified in Wan et al.25 as an
element of competency evaluation in cortical mastoidectomy). There is a risk that if
individual dimensions of expert drilling behavior were presented to trainee surgeons, they
may concentrate upon these at the exclusion of others, running the risk that other aspects of
surgical technique are compromised. For example, novices aspiring to emulate the faster
drilling rates of experts may ignore other factors such as force, orientation of the drill, and
proximity to structures, thereby risking injury to critical anatomy.
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Of the core metrics used to define surgical technique (ie. stroke duration, stroke length, speed,
acceleration, force, straightness of stroke, size of the burr, magnification level, bone removal
rate, and distance to anatomical structures), only bone removal rate was significantly different
between the groups. This demonstrates that greater efficiency in drilling was achieved by the
feedback group without evidence of increased damage to structures or reduced scores in the
end-product analysis. However, previous studies19,26 show that other independent metrics
such as force are also useful in differentiating the experience levels of surgeons. This implies
that the changes in the surgical technique of participants who received feedback were not
large enough to be detected by a univariate analysis of individual metrics. It is also probable
that, as rank beginners with no training in operative surgery, the participants were not able to
build enough competence to reach a higher skill level. This outcome is consistent with
educational notions of deliberate practice, which indicates that the number of hours spent in
practice is an important determinant of the level of expertise27. The observations that
proximity warnings did not significantly reduce anatomical structure damage, and that the end
product assessment scores were not significantly different between groups complement the
above observations and also suggest that expertise has more dimensions that have not been
addressed in this study. Indeed, a comprehensive surgical training program would require
feedback to be provided in dimensions beyond psychomotor skills (which was the main focus
of this study), such as advice on where to drill and how to proceed at certain points of the
procedure.

According to the outcomes of this study, surgical drilling behaviour of medical students could
be improved by providing automated real-time feedback. However, it was observed that more
practice is required to effectively improve their overall performance. Given the encouraging
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findings presented here, future studies are warranted to probe issues relating to skill retention,
and effects of repeated practice over time. Studies in other fields (e.g. in laparoscopy28,29)
suggest that skills learned through simulation-based training do successfully transfer to the
operating room, and it would be of interest to determine whether the same is found when
automated feedback is integrated into the simulation environment.

In conclusion, the results of this study suggest that trainees could be guided in the “right”
direction when learning to handle a drill in a surgical procedure, and indicate that the dream
of a self-guided simulation-based surgical training system for temporal bone surgery is
attainable. Such a training platform would not only reduce the burden placed on expert
instructors, but would also assist in producing a better class of surgeons.
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Figures

Figure 1: The Melbourne University Virtual Reality Temporal Bone Surgery Simulator
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Figure 2: Design of the Feedback System

Figure 3: Comparison of Surgical Technique at Different Stages of the Procedure
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