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Abstract
Introduction  The most common way of assessing surgical performance is by expert raters to view a surgical task and rate a 
trainee’s performance. However, there is huge potential for automated skill assessment and workflow analysis using modern 
technology. The aim of the present study was to evaluate machine learning (ML) algorithms using the data of a Myo armband 
as a sensor device for skills level assessment and phase detection in laparoscopic training.
Materials and methods  Participants of three experience levels in laparoscopy performed a suturing and knot tying task on 
silicon models. Experts rated performance using Objective Structured Assessment of Surgical Skills (OSATS). Participants 
wore Myo armbands (Thalmic Labs™, Ontario, Canada) to record acceleration, angular velocity, orientation, and Euler 
orientation. ML algorithms (decision forest, neural networks, boosted decision tree) were compared for skill level assess-
ment and phase detection.
Results  28 participants (8 beginner, 10 intermediate, 10 expert) were included, and 99 knots were available for analysis. 
A neural network regression model had the lowest mean absolute error in predicting OSATS score (3.7 ± 0.6 points, r2 = 
0.03 ± 0.81; OSATS min.-max.: 4–37 points). An ensemble of binary-class neural networks yielded the highest accuracy in 
predicting skill level (beginners: 82.2% correctly identified, intermediate: 3.0%, experts: 79.5%) whereas standard statistical 
analysis failed to discriminate between skill levels. Phase detection on raw data showed the best results with a multi-class 
decision jungle (average 16% correctly identified), but improved to 43% average accuracy with two-class boosted decision 
trees after Dynamic time warping (DTW) application.
Conclusion  Modern machine learning algorithms aid in interpreting complex surgical motion data, even when standard 
analysis fails. Dynamic time warping offers the potential to process and compare surgical motion data in order to allow 
automated surgical workflow detection. However, further research is needed to interpret and standardize available data and 
improve sensor accuracy.

Keywords  Myo armband · Machine learning · Neural networks · Laparoscopy · Surgical education · Electromyography · 
Skill assessment · Workflow analysis · Artificial intelligence · Laparoscopic training

The benefits of laparoscopic surgery for patients have been 
extensively studied in the literature and range from smaller 
incisions to faster healing and less pain [1–4]. However, 
challenges still remain for surgeons, as laparoscopic surgery 
has a prolonged learning curve, requiring longer training 
periods [5–7]. Therefore, laparoscopic surgery requires safe 
and realistic training environments for trainees to practice 
before performing surgery on an actual patient. The most 
common method for assessing surgical performance requires 
expert raters to view a surgery or training task and rate a 
trainee’s performance based on global or procedure-spe-
cific checklists [5, 8]. However, expert rating is expensive, 
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subjective and time intensive [9], and it can result in delayed 
feedback to the trainee, hampering trainee learning.

The use of technology and artificial intelligence in 
medicine and, more specifically, surgery, has grown tre-
mendously in the past decade. Various research groups 
have attempted to use automatic data analysis to detect 
surgical phase [10–13] and classify surgeon skill level 
[14–17], with varying degrees of success. However, dif-
ficulties still remain, as some methods of data collection, 
such as sensors, cannot be easily implemented in the OR 
due to patient safety and sterility reasons. Likewise, some 
machine learning (ML) algorithms, a subsection of artifi-
cial intelligence, require a large amount of computational 
power and can take a large amount of time and data to 
train [9].

A new technology that enables intraoperative assessment 
of hand and forearm motion parameters is the Myo™ arm-
band (Thalmic Labs Inc., Kitchener, Ontario, Canada). The 
Myo is a commercially available armband that contains an 
inertial measurement unit, which measures the acceleration, 
angular velocity, and orientation of the arm, as well as cal-
culates the Euler orientation from these metrics. Angular 
velocity measures the speed at which the arm is rotating 
about the x, y, and z axes, while orientation provides the 
absolute direction the arm is positioned in space. Euler 
orientation is a second method for describing an object’s 
orientation and represents the current angle of the arm with 
respect to the x, y, and z axes, which are defined as roll, 
pitch, and yaw. It additionally contains eight electromyo-
graphic (EMG) sensors, which read and record the electrical 
activity of the arm muscles. Because of its open application 
programming interface, developers have investigated using 
the Myo for a variety of applications, such as rehabilitation 
therapy [18–20] or hand hygiene training [21]. In the broader 
field of surgery, the Myo has been proposed for maneuver-
ing 3D image-guided surgery systems [22, 23], but has not 
been investigated for surgical training or skill assessment 
purposes.

It is hypothesized that recordings from the Myo armband, 
in combination with ML, can be used to distinguish skill 
level and recognize the phases of a laparoscopic suturing 
and knot tying task. Using the Myo to perform these tasks 
has the potential to relieve time constraints for expert sur-
geons, deliver immediate performance feedback to trainees, 
and provide standardized and objective skill assessment. In 
addition, it can be easily slipped on and off and can be worn 
under the sterile gowns in the operating room (OR), elimi-
nating problems with the implementation of new technology 
in the OR.

The aim of the present study was to evaluate the use of 
ML in combination with arm motion data recorded with the 
Myo during a suturing and knot-tying task to (1) distinguish 
skill level and (2) identify the procedural phase. Secondly, 

the study aimed to test the feasibility of the Myo as a training 
tool in its current stage.

Methods

Study design

This study was carried out at the Department of General, 
Visceral and Transplantation Surgery at Heidelberg Uni-
versity, Germany. Before starting, all participants received 
detailed information about the study and its purpose, and 
informed consent was obtained. The study previously 
received local ethics committee approval (S 334/2011, 
Amendment 07/2015). Participants were divided in advance 
into one of three skill level groups (beginner: no experi-
ence in laparoscopy, intermediate: < 50 knots performed, or 
expert: > 50 knots performed or attending surgeons) based 
on their previous experience in the OR.

Data collection

Each participant tied four square knots in a laparoscopic 
box trainer while wearing a Myo armband on each arm. 
Each knot was tied according to the modified standard-
ized checklist as described by Romero et al. [24] and first 
introduced by Munz et al. [25] on a custom-made silicon 
suture pad developed in-house. Before the first knot, all 
participants watched an introduction video twice in order 
to standardize surgical technique. All of the parameters 
listed in Table 1 were collected from the Myo armbands. 
The endoscopic video, as well as instrument coordinates 
and time stamp from an NDI Polaris camera (Northern 
Digital Inc., Waterloo, Ontario, Canada), were recorded 
and synchronized for each knot. Thus, at each time point, 
a video image, instrument coordinates, time stamp, and the 
Myo data were captured. This allowed the assignment of a 
surgical task (by the video image) to each time point (Pola-
ris time stamp). Eventually, the time stamps of the Polaris 
and the Myo were matched. By doing so, the Myo data and 
actual surgical phase could be matched more accurately 
compared to other approaches (e.g. observing the task and 
noting time points in real time). The endoscopic video 
was manually annotated into phases by frame number 

Table 1   List of data collected from the Myo armband

Data type Direction

Acceleration x, y, z
Angular velocity x, y, z
Orientation x, y, z, w
Euler orientation Roll, pitch, yaw
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(Table 2), as established in a previous study [26]. Unless 
otherwise specified, all data analysis was completed in 
Matlab (MathWorks, Natick, Massachusetts, USA).

Expert rating

Each knot was rated by an expert rater blinded to the 
trainee’s experience. The score, a modified version of the 
OSATS originally introduced by Chang et al., was used as 
a performance measure [8, 27].

Skill level discrimination

To assess skill level, each of the parameters given in 
Table 1 were averaged for each knot, based on the methods 
from Brown et al. [28]. Calculating the average rather than 
using the entire time series removes the bias of time, as 
beginners generally tended to take longer to tie a knot than 
experts, while simplifying the computations significantly 
as compared to other methods for removing time bias, 
such as dynamic time warping (DTW) or hidden Markov 
models. Thus, each knot had 13 averages (for each of the 
Table 1 parameters) included as inputs.

Phase detection

To predict the knot tying phase, the time series of each 
parameter were first split into phases based on the video 
annotations. Then, the average of each phase’s time series 
was calculated for each knot. As described below, the aver-
age was calculated from both the raw recorded data and 
time warped data.

Data analysis and testing of ML algorithms for skill 
level discrimination and phase detection were two sepa-
rate tasks performed in this study. Thus, it is important to 
note that inaccuracies in one would not have affected the 
outcome of the other analysis.

Dynamic time warping

DTW, originally introduced for speech recognition applica-
tions, has been widely used since its introduction to match 
together time series that demonstrate similar patterns over 
varying lengths of time [29]. In order to appropriately com-
pare these data series, the motion data of each time series 
must be matched to each other based on its similarities, 
and the bias of time must be removed (e.g. a certain move-
ment of a beginner takes longer than the same movement 
of an expert, making direct comparison difficult). DTW 
is an algorithm capable of stretching or compressing the 
data to achieve comparability. Therefore, DTW was applied 
to the data using a modified version of the Matlab DTW 
code provided by Quan Wang [30]. It was determined that 
DTW should be applied to each phase separately to pre-
vent the possibility of one phase being warped to another 
phase. Therefore, the data was first split into its 13 respective 
phases based on the manual annotations. Because DTW can 
only be used to compare two time series at once, the longest 
time series in each phase was then identified and used as a 
reference to which all other time series of the same phase 
were warped.

Machine learning

Microsoft Azure Machine Learning Studio (Microsoft Cor-
poration, Redmond, Washington, USA) was used to compare 
various ML methods. The online program uses a graphic-
based programming interface and already has standard ML 
algorithms built into the program. The user can specify the 
desired ML algorithm as well as its traits.

Because two different methods were available to describe 
skill level (OSATS score or skill level group), both regres-
sion and classification ML methods were tested. Regression 
ML methods were used to predict a range of real numbers 
based on the input data. In this case, regression ML was used 
to predict a participant’s OSATS score using the Myo data 
as input information. On the other hand, classification ML 
predicts a participant’s group based on the input data. In this 
case, the prediction was whether a participant belonged in 
the beginner, intermediate, or expert group.

The Microsoft Azure program functioned as follows: 
for each ML model, the parameters were first tuned, and 
then cross validation was used to train, test, and validate the 
model. In each case the data was randomly separated into 
tenfold, meaning that onefold would equal one-tenth of the 
data. The model was trained and tested on nine of the ten-
folds. Once the best model was achieved based on the data in 
these ninefolds, it was then validated, or tested again, on the 
last fold of data. This process was repeated, using each of the 
tenfolds as the validation fold once. The results achieved for 
each of the validation folds were averaged together to get the 

Table 2   List of phases identified for suturing and knot-tying task

Knot tying phases
1. Grasp needle 8. Create the anti-C loop
2. Drive needle 1 9. Wrap the suture 2
3. Drive needle 2 10. Tighten the knot 2
4. Create C loop 1 11. Create the C loop 2
5. Wrap the suture 1 12. Wrap the suture 3
6. Grasp end of suture 1 13. Tighten the knot 3
7. Tighten the knot 1



3735Surgical Endoscopy (2019) 33:3732–3740	

1 3

average performance of the model on the data. Thus, when 
the motion data is input into Microsoft Azure and fed into a 
specific algorithm, it finds the best model for the data, and 
outputs the model’s average performance.

Statistical comparison

Statistical analysis was performed to provide a baseline com-
parison of the data by an employee of the Department of 
Medical Biometry and Informatics at Heidelberg University 
who was otherwise not involved in the study. An ANOVA 
repeated measurements test was used, which demonstrated if 
a significant difference existed within one of the Myo param-
eter categories motion categories. If statistical significance 
was found, this was further investigated with Post-Hoc tests 
using Tukey–Kramer assessment to determine between 
which groups the difference existed.

Results

28 participants (8 beginner, 10 intermediate, 10 expert) took 
part in the study, tying a total of 112 knots. 13 of the 112 
knots were removed from the analysis due to faulty recording 
(n = 11) or ruptured suture pad during the knot tying process 
(n = 2), leaving 99 knots available for analysis. Ground truth 
OSATS score (provided by the expert raters) was 21.3 ± 4.3, 
27.5 ± 3.7 and 33.6 ± 1.8 for beginners, intermediates and 
experts, respectively.

Skill level discrimination

Various regression ML methods were tested to predict 
a participant’s OSATS score based on their input data. 
Results were investigated both with and without the knot 
number included in the input data to investigate whether the 

ML algorithm performed better given the information of 
whether the knot was, for example, the participant’s 1st or 
4th. After tuning and cross validation, the findings presented 
by Microsoft Azure showed that a neural network regres-
sion model had the lowest mean absolute error when com-
pared to other ML regression models, at 3.7 ± 0.6 OSATS 
points (R2 = 0.03 ± 0.81; min.-max. OSATS: 4–37 points). 
For example, to interpret this error, a real OSATS score of 
20 would be on average predicted to be 23.7 (or 16.3) by the 
neural network regression model. The coefficient of deter-
mination, or R2 value, describes how well the line of best 
fit actually fits the data. A value of 100% would be the per-
fect fit, which means the best fit formula (and its respective 
graph/curve) would contain all data points which were actu-
ally measured, and 0% would be no fit (no data point on the 
best fit curve). When knot information was not included, the 
mean absolute error was only minimally larger (3.82 ± 0.78 
OSATS points, R2 = 0.07 ± 0.75). A plot demonstrating real 
OSATS scores versus those predicted by the neural network 
with good correlation can be found in Fig. 1. Error results of 
the neural network regression model, as compared to other 
ML algorithms, can be found in Table 3.

Classification ML methods were also investigated to pre-
dict skill level group. The best model found after tuning and 
cross validation was an ensemble of binary-class neural net-
works, with an average prediction accuracy of 0.704, mean-
ing that the real skill level group was correctly predicted 

Fig. 1   Plot of real versus 
predicted OSATS scores from 
neural network regression 
model. Plot of real OSATS 
(from expert raters) score versus 
OSATS scores predicted by 
the neural network regression 
model. Results are from cross-
validation. The correlation was 
good with r = 0.62 and p < 0.001 
as calculated in Excel

Table 3   Comparison of results between various ML algorithms for 
OSATS score prediction

ML algorithm type Mean error r2

Decision forest 4.45 ± 0.75 − 0.2 ± 0.69
Neural networks 3.71 ± 0.64 0.03 ± 0.81
Boosted decision tree 4.43 ± 0.60 0.19 ± 0.46
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70% of the time. Whether knot information was included 
or not did have a small effect on the prediction accuracy, 
precision, and sensitivity for intermediates and experts; 
namely, when knot information was included, intermediate 
prediction accuracy improved slightly, while expert accuracy 
decreased slightly. Results can be found in Fig. 2, and a com-
parison with other ML algorithms can be found in Table 4.

Phase detection

Phase detection on raw data showed the best results with 
a multi-class decision jungle (comparison with other ML 
methods not shown). As shown in Fig. 3, the average accu-
racy was only 16%, and only 1 phase achieved a correct 
identification rate over 50%. The best model on warped data 
was an ensemble of two-class boosted decision trees. With 
DTW, the average accuracy increased to 43%, and 5 out of 
13 phases had an identification rate of 50% or higher (Fig. 3, 
Part B). Three of the phases (Drive the needle 2, Grasp the 
suture 1, Tighten the knot), were correctly identified more 
than 60% of the time. Whether the knot number was included 
in the input data only made a minimal difference in the phase 
detection results (data not shown). Comparison with other 
ML methods can be found in Table 5. All data shown are 
results after parameter tuning and cross validation.

Standard statistical analysis did not find a significant dif-
ference between the motion parameters of any of the three 
groups, and thus the data could not be used to statistically 
determine a participant’s skill level (data not shown).

Discussion

The present study aimed to predict skill level and identify 
phases during a suturing and knot tying task using data 
from the Myo armband, which uses EMG and other sensors 
together with artificial intelligence. Traditional statistical 
test yielded no difference between experience levels. How-
ever, the application of modern ML algorithms for classi-
fication using an ensemble of binary class neural networks 
proved to be an effective approach at determining skill level 
using the Myo data, while regression ML was less success-
ful. Additionally, phase recognition algorithms demonstrated 
improved results with boosted decision trees after DTW was 
performed as a means to improve comparability between 
data.

Skill assessment

For prediction of the OSATS score, a neural network 
regression model demonstrated the best results and led to 
the lowest average score prediction error, with an error of 
3.71 OSATS points, or about 10% of the score. While this 

Fig. 2   Results of binary-class neural network classification model for 
skill level group prediction. The darker the shade of green, the higher 
the phase prediction accuracy. A Best confusion matrix results for 

class prediction with knot number included and B without knot num-
ber included. C Average accuracy, precision, and sensitivity reported 
when knot information is and is not included. (Color figure online)

Table 4   Comparison of results between various ML algorithms for 
skill level group prediction

Each algorithm type tested for skill level prediction was an ensemble 
of two-class classification algorithms

ML algorithm type Accuracy Precision Recall

Decision jungle 0.62 0.43 0.43
Neural network 0.70 0.56 0.56
Support vector 0.60 0.39 0.39
Boosted decision tree 0.66 0.56 0.56
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error seems acceptable, the coefficient of determination, or 
R2 value, which describes how well the line of best fit actu-
ally fits the data, was less than 10%, regardless of whether 
the knot information was included or not. It is worth men-
tioning that the boosted decision tree regression model 
demonstrates a higher R2 value than the neural network 
model, as seen in Table 3. However, because the R2 value 
is still relatively low and the error is higher than the neural 

network model, the neural network model was chosen as 
the best-performing regression model in the present study.

In comparison, the (skill level) classification model 
showed better results than the regression model. The best-
performing model was an ensemble of binary-class neural 
networks, and the model without knot information included 
seemed to provide slightly better results. The model per-
formed very well in identifying beginners and experts, with 

Fig. 3   Results of classification 
machine learning for phase 
identification. The darker the 
shade of green, the higher the 
phase prediction accuracy (in 
%). A Best confusion matrix 
results for phase prediction 
before dynamic time warping 
with the multi-class decision 
jungle. B Best confusion matrix 
results for phase prediction after 
dynamic time warping with an 
ensemble of two class boosted 
decision trees. C Average accu-
racy, precision, and recall for 
phase identification both before 
and after dynamic time warp-
ing. (Color figure online)
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a prediction rate equal to or greater than 80%. However, 
the model had limitations in identifying intermediates. As 
indicated in Fig. 2, it can be concluded that the model would 
rather place the intermediates into either the beginner or 
expert category. A review of other publications in the litera-
ture has shown that many chose to differentiate skill level 
between only novices and experts, though these two groups 
have varying definitions in these papers [14, 31, 32]. Rosen 
et al. was successful in using hidden Markov models to dif-
ferentiate between 4 different skill levels, though the authors 
used force/torque readings from laparoscopic instruments 
[33]. Oropesa et al. compared 2D and 3D motion metrics 
extracted from laparoscopic video for novices, residents, 
and experts, finding that significant differences existed only 
between novices and the two other groups [34]. Thus, while 
defining an intermediate level based on this study’s meas-
ured parameters proved difficult for the algorithm, it has also 
been problematic in other studies and in practice has no clear 
definitions. In addition, neural networks algorithms are not 
fully transparent on how they work, so it is not clear exactly 
which characteristics the neural networks used to identify 
skill level in this case. Thus, the results found in the present 
paper seem to be reasonable and in-line with expectations 
set forth from previous studies.

Another factor worth discussing is the precision and sen-
sitivity of the classification ML algorithm. The sensitivity, 
or the proportion of correct guesses for a group over the real 
number of participants in that group, was fairly good for 
beginners and experts, as a high proportion of the partici-
pants in these groups were correctly identified. The preci-
sion, or the number of correct guesses for a group divided by 
the total number of guesses in that group, also showed better 
results for novices and experts compared to intermediates, 
though the absolute percentages were lower as compared 
to sensitivity. However, this is understandable, as the algo-
rithm tended to predict intermediates in either the expert or 
beginner group, causing precision to decrease. As intermedi-
ates were defined as “the group between the beginners and 
experts,” it is easy to understand the algorithm’s limitation. 
Interestingly, the traditional statistical testing with ANOVA 
was not able to discriminate between experience levels at 

all, probably due to the moderate sample size. In contrast, 
ML might consider aspects that are too complex for com-
mon established methods. To summarize, ML methods for 
regression and classification of raw data obtained with the 
Myo armband show promising results for skill assessment. 
These methods seem to be superior to traditional statistical 
test methods. The combination of Myo’s contact- and line-
of-sight-free tracking with modern ML algorithms can thus 
be used to monitor surgeon’s skill level and progress.

Phase detection

Before DTW, the average phase identification was only at 
16%. DTW did improve identification by 27%, leading to 
an average accuracy of 43%. Five of the 13 phases, how-
ever, did show an identification rate above 50%, and three of 
the phases (Drive the needle 2, Grasp the suture 1, Tighten 
the knot), were correctly identified more than 60% of the 
time. Before DTW, the algorithm predicted a majority of 
the phases as Phase 2, although it is unclear why. DTW 
seemed to remove this effect, improving accuracy for the 
other phases. Interestingly, after DTW, the algorithm did 
not seem to wrongly classify phases that, at least to the 
human eye, looked very similar, such as Phases 2 and 3 or 
Phases 4 and 7. However, prediction accuracy still needs to 
be improved to a higher level. In the present study, the Myo 
measurements from each time point were first collected as a 
time series and then averaged, likely removing much of the 
motion information necessary to accurately detect a phase. 
A promising approach to improve phase detection would be 
to investigate the vector of measurements over time of the 
Myo parameter signals. Other authors have been successful 
in using similar feature vectors collected from instrument 
use in combination with DTW to perform phase recogni-
tion [10, 12].

The knot number was also investigated as a possible 
piece of information that could help improve ML predic-
tion results. In both the skill level discrimination and phase 
detection results, whether the knot number was included 
seemed to make hardly any difference in prediction results, 
helping to confirm that each of the knots tied by a single 
participant did not differ wildly in their motion parameters, 
as may have been suggested by the statistical analysis.

DTW seems to be a valuable method for standardizing 
complex sensor motion data in surgical training. This gains 
more importance as the amount of available data in health-
care and surgery increases exponentially [35, 36]. With cur-
rent technology in the OR, almost all available information 
can be considered to be a sensor stream and can potentially 
be used for workflow analysis [37]. In the present study, 
the Myo armband was primarily used to evaluate surgical 
experience, but eventually also proved feasible as a sensor 
in terms of surgical phase detection. Likewise, the tested ML 

Table 5   Comparison of results between various ML algorithms for 
phase prediction

Each algorithm type tested for skill level prediction was an ensemble 
of two-class classification algorithms

ML algorithm type Accuracy Precision Sensitivity

Decision jungle 0.4 0.4 0.4
Neural network 0.18 0.18 0.18
Support vector 0.21 0.21 0.21
Boosted decision tree 0.43 0.43 0.43
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algorithms can potentially be applied to all different kinds 
of sensor streams and are not limited to the Myo. The most 
promising approach would probably be to incorporate as 
many sensors as possible in order to account for inaccuracies 
of a single sensor and make analysis more robust.

Machine learning

Microsoft Azure Machine Learning Studio proved to be a 
useful and fast tool for using ML algorithms, without requir-
ing hours of coding. As far as could be found in the lit-
erature, no other study in this area has used Azure as their 
ML platform. We found this tool to be especially useful for 
those working in the medical community who may not have 
a background in programming or computer science but have 
a good understanding of ML algorithms and would like to 
apply these techniques to their data. However, one limitation 
of Azure seems to be that the program cannot accept vec-
tors as inputs. Therefore, it is not possible to use Azure in 
real-time or to investigate finer patterns within the data. This 
should rather be done in multidisciplinary teamwork where 
software developers work together with practicing surgeons.

Limitations and future work

One of the most difficult tasks was matching the raw data of 
the Myo armbands with its actual counterparts of the lapa-
roscopic tasks. It is not possible to rule out that this trans-
formation has led to some inaccuracies of the recorded data. 
However, by matching the Myo time stamp with the Polaris’ 
optical tracking system, the potential error was reduced to 
a minimum In addition, the Myo armbands do not require 
calibration, which may negatively affected the data quality 
but could also be considered a strength, since a fast and 
easy setup is mandatory for a successful integration in the 
surgical workflow. The Microsoft Azure program prevented 
the use of entire motion vectors as inputs, which may have 
led to better phase prediction results. Therefore, future work 
should focus on using entire vectors from the collected Myo 
parameters to investigate phase recognition. The skill level 
classification can be further studied in terms of improv-
ing the discrimination of the intermediate group from the 
groups of experts and non-experts. Based on the results of 
the present study it would make sense to simply leave out 
the intermediate group to improve discrimination, however 
this might not fully represent clinical reality in surgical train-
ing. It could additionally be investigated if an OSATS cutoff 
should be defined and set, only above which someone is 
considered an expert, as suggested by Fard et al. [32]. Future 
skill and phase detection should be investigated using a Myo 
on both arms, as each arm’s motions are complimentary to 
each other.

Conclusion

Modern machine learning algorithms aid in interpreting 
complex surgical motion data, even when standard analy-
sis fails. Dynamic time warping offers the potential to pro-
cess and compare surgical motion data in order to allow 
automated surgical workflow detection. The Myo was 
chosen as a data source and tested for its feasibility as an 
alternative for surgical skill assessment. However, further 
research is needed to interpret and standardize available 
data and improve sensor accuracy. Finally, the Myo is not 
yet usable as a stand-alone training tool without further 
development and data processing.
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