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Introduction: Previous efforts used digital video to develop computer-generated assess-
ments of surgical hand motion economy and fluidity of motion. This study tests howwell pre-
viously trained assessment models match expert ratings of suturing and tying video clips
recorded in a new operating room (OR) setting
Methods: Enabled through computer vision of the hands, this study tests the applicability
of assessments born out of benchtop simulations to in vivo suturing and tying tasks recorded
in the OR.
Results: Compared with expert ratings, computer-generated assessments for fluidity of
motion (slope = 0.83, intercept = 1.77, R2 = 0.55) performed better than motion economy
(slope = 0.73, intercept = 2.04, R2 = 0.49), although 85% of ratings for both models were
within ±2 of the expert response. Neither assessment performed as well in the OR as they
did on the training data. Assessments were sensitive to changing hand postures,
dropped ligatures, and poor tissue contact—features typically missing from training
data. Computer-generated assessment of OR tasks was contingent on a clear, consistent
view of both surgeon's hands.
Conclusions:Computer-generated assessment may help provide formative feedback dur-
ing deliberate practice, albeit with greater variability in the OR compared with benchtop
simulations. Future work will benefit from expanded available bimanual video records.
(Sim Healthcare 16:e188–e193, 2021)
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The purpose of this study is to test the accuracy of computer-
generated assessments of surgical dexterity in the operating
room (OR) during common suturing and tying tasks. The
computer-generated assessments are previously trained linear
and generalized additive models1 that ingest a kinematic re-
cord of handmotion and producemeasures along 2 previously
tested2 scales (Fig. 1) of motion economy (ie, efficiency, 0–10)
and fluidity of motion (ie, smoothness, 0–10). Each model is
trained on expert ratings of benchtop suturing and tying. This
study tests how well the assessments match an expert panel
(n = 3) consensus score for suturing and tying in the OR. This
article provides a discussion on the accuracy and utility of
these tools, as well as implications for future training programs
in expanding computer-generated surgical assessment.
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Assessing Surgery
Surgical performance consists of various domains3 that

are difficult to assess4–7 and characterize.8 The most widely ac-
cepted measure of surgical psychomotor performance—the
Objective Structured Assessment of Technical Skills (OSATS)9

—consists of a series of global rating scales and procedural
checklists for 8 prescribed simulations. Studies of OSATS have
consistently validated its use for formative feedback in simu-
lated settings.10 Robotic platforms, like Robotic Video and
Motion Analysis Software (ROVIMAS),11 and the Imperial
College Surgical Assessment Device (ICSAD),12–14 and virtual re-
ality simulations,15 among others, provide ready fodder for using
OSATS and objective computer-aided technical skill evaluation16

research as part of a growing body of “surgical data science.”17

The ICSAD, in particular, has shown positive correlation among
handmotion and global rating scales, significantly discriminating
between experienced and novice performers.18 Complimentary
efforts to measure performance on robotic video data are in-
creasingly leveraging deep learning methods like linear classi-
fiers, support vector machines, and random forests19 as well
as neural networks20 and convolutional neural networks.21 Such
efforts are assisted by growth and availability in broad and ac-
cessible data sets like the Johns Hopkins University–Intuitive
Surgical Gesture and Skill Assessment Working Set.22 The Dex-
trous Sugrical Skills Transfer Dataset23—made available in 2019
—focuses on cross-platform comparisons.

Despite these advances in robotic surgical data science,
objective computer-aided technical skill evaluation has not
been consistently applied to bimanual observation and as-
sessment in the OR.16 This represents a gap in extrapolating as-
sessment scores from simulated settings to dynamic real-world
conditions—a crucial component of modern approaches to
Simulation in Healthcare
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FIGURE 1. Expert rating scales of motion economy (ie, efficiency, 0–10) and fluidity of motion (ie, smoothness, 0–10).
validity advocated byMichael Kane24,25 and further explicated by
David Cook26,27 to guide development of surgical assessments.

Marker-less video tracking has demonstrated the ability to
observe differences in hand motion between clinicians in and
out of the OR28–30 and to predict real-world performance
along a series of subjective rating scales.2 There is continuing
interest in applying sensor-free computer vision31 and explor-
ing how merging sensor-equipped hand movement records
with computer vision32 can improve various predictions. As
a result, we are in a unique position to leverage marker-less mo-
tion tracking of hand movements to automate OSATS-like
assessments—in different settings, and of clinicians of varying
experience—to begin assembling a basis of validity evidence in
line with Kane's approach.24

This study aims to extend previous work developing
computer-generated assessments of clinician hand motion
during benchtop simulations to the OR—exploring how well
assessments of “performances in real life”10 match those from
more-controlled settings.

METHODS
Participants and Settings

This study relies on video data collected both from bench-
top simulations (Fig. 2A) and previously recorded inOR (Fig. 2B)
by Azari et al.2 Expert ratings of motion economy and fluidity
of motion during benchtop simulations served as training data
for the computer-generated assessments, whereas expert rat-
ings of OR video now serves as testing data. Participation and
FIGURE 2. Top-down view of common suturing tasks on foam (A) an
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recruitment in both settings were approved by the University
of Wisconsin-Madison Education and Social/Behavioral Sci-
ences Institutional Review Board. Residents who completed
less than 4 postgraduate years and surgeons with less than 7
years as attendings were classified as “junior” within their po-
sition (Table 1).

For the benchtop setting, surgeons and students (n = 37)
from the University of Wisconsin Hospital and Clinics were
recruited to participate through e-mail list-servs, in-person an-
nouncements, and personal recommendation. Each clinician
performed a series of simple interrupted sutures and a running
subcuticular suture on an Allevyn Hydrocellular foam dressing
(produced by Smith+Nephew, http://www.smith-nephew.
com) mounted to a wood block for stability (Fig. 2A). Before
participation, each clinician completed a basic demographic
survey specifying their years of experience, handedness (ie,
right- or left-handed), specialty, and amount of training. Each
video clip was calibrated to real-world distances using a
notecard, ruler, or suture packet of known size. A total of
2 hours 42 minutes of active suturing and tying segments
yielded 219 training clips (Table 1). This collection and video
set are further described by Azari et al.33

Video collection of surgeons in the OR (n = 7) was enabled
by remotely operated video recorder mounted to the overhead
lamp (Fig. 3A). In this setting, the proximal interphalangeal
joint breadths for male and female patients (Fig. 3B) provided
calibration when no object of known size was visible. We have
previously used hand35 and joint28 breadth measurements with
d in the OR (B).

© 2021 Society for Simulation in Healthcare e189
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TABLE 1. Number of Participants and Length of Video Recorded
by Task and Material

Material Task MS JR SR JA SA RT Total Video (hh:mm:ss)

Foam (A) SI, RS 10 5 10 4 6 2 37 02:42:00

OR (B) S, T 0 0 2 2 3 0 7 00:10:19

Totals (A + B) 10 5 12 6 9 2 44 02:52:19

JA, junior attending; JR, junior resident; MS, medical student; RS, running subcuticular
suturing; RT, retired; S, general suturing; SA, senior attending; SI, simple interrupted su-
turing; SR, senior resident; T, general tying.

FIGURE 3. Operating room light-mounted camera system (A)
and pixel to real-world calibration (B) using proximal interphalan-
geal joint breadth (PIJB)34 if no standard markers are visible.
low coefficients of variation34 as calibration coefficients. Pixel
locations were identified throughMultimedia Video Task Anal-
ysis software specially developed at the University ofWisconsin-
Madison,36 allowing us to calibrate pixel measurements in the
video to real-world units. A total of 10 minutes 19 seconds of
footage from all participants yielded 48 clips of bimanual active
suturing and tying tasks. Expert ratings on these tasks com-
prised the test data for each computer-generated assessment.

Motion Tracking
We used custom software37 to track a region of interest in

each video frame over the course of a video (Fig. 4). We have
previously used this technology to observe differences between
dominant and nondominant hands,29 identify differences between
tasks and roles,28 summarize observed kinematic differences
between clinicians of varying tenure,38 and predict expert-rated
performance of the dominant hand during short video clips in
the OR.2 This study extends the previous exploratory modeling
techniques to test linear and generalized additive models trained
using controlled benchtop settings with a diverse participant
group into the more dynamic setting of the OR to include
shifting postures, intermittent views, and tissue variability.

Expert Ratings
For the OR videos, a panel of expert surgeons (n = 3)

rated clips individually, discussed their ratings, and arrived at
a consensus score.2 These consensus scores were then used as
benchmark calibrations for later benchtop ratings. For the
benchtop setting, a panel of expert surgeons (n = 5) rated 219
clips (2 hours 42 minutes) of active suturing or tying on foam
via a custom USB rating applet. The mean of ratings was main-
tained in the training set if all ratings fell within a range of 3. If
the range of ratings among the panel was greater than 3, either
(1) 3 of 4 ratings needed to fall within a range of 2 or (2) 4 of 5
ratings fell within a range of 2.5. The rating procedure, collec-
tion scheme, and approach to outlier removal are previously
published by Azari et al.2,33 Regardless of setting, each rating
surgeon had at least 3 years of experience in the attending role
and was involved in educational and coaching efforts.

Predictive Models
Computer-generated assessments were trained on expert

ratings from the benchtop setting. AGAMwas selected to predict
the consensus (mean) of panel ratings for motion economy,
whereas a linear model was selected to predict the consensus
(mean) of panel ratings for fluidity of motion. In contrast to
linear least-square regression models, generalized additive
models39,40 rely on summing a series of smoothed (nonpara-
metric) functions that better incorporate nonlinear effects into
the overall prediction. The features of handmotion (eg, speed,
e190 Modeling Performance of Open Surgical Cases
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acceleration, etc) served as independent variables and were se-
lected using common penalized regression shrinkage methods
(eg, Ridge, LASSO, and Elastic Net) and balanced by examin-
ing the mean-square error and Akaike information criterion.
Azari1 further details the feature selection, refinement, and in-
ternal training of these models.

Assessment Accuracy
The accuracy of the computer-generated assessments in

the OR is compared against their previous accuracy in the
benchtop setting. An ideal result would be similar intercepts
(close to 0), slopes (close to 1), and high R2 (>0.7) values when
ground truth (ie, expert rated) and predicted (ie, computer-
generated) assessments are plotted on orthogonal axes.

RESULTS
A total of 48 OR clips of common suturing and tying tasks
(mean length = 13.06 seconds) met inclusion criteria to test
both computer-generated assessments. These videos exhibited
both: (1) a clear view of both hands for the entire clip and (2)
observable movement among both hands.

When tested on the OR videos, the computer-generated
assessments of motion economy and fluidity of motion de-
rived from Azari1 predicted the expert ratings moderately well,
with mean squared errors of 1.74 and 1.58, respectively. For
computer-generated assessment of motion economy (Fig. 5,
slope = 0.73, intercept = 2.04, R2 = 0.49), 85% of residuals
fell within ±2 of the linear relationship, while for fluidity of
motion (Fig. 6, slope = 0.83, intercept = 1.75, R2 = 0.55),
86% of residuals fell within ±2 of the linear relationship.

Notable outliers in themotion economy assessments (Fig. 5)
at x = 2, y = 5.9 (A), x = 4, y = 2.6 (B), and x = 4, y = 1.2 (C)
exhibited the following characteristics: (1) multiple missed su-
turing attempts while driving a needle, (2) a dropped ligature,
and (3) changing position and posture to access tissue.

Inspection of Figure 6 highlights one substantial fluidity
of motion underprediction at x = 5, y = 2.5. In this outlier clip,
the surgeon changes posture twice before beginning the su-
ture, first by reaching across the patient, and then returning
Simulation in Healthcare
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FIGURE 4. Region of interest to track motion of participant's nondominant hand while operating.

FIGURE 5. Predicted ratings versus expert ratings for motion
economy (0–10) rating scale using (n = 48) video clips from the
OR.Confidence intervals (95%) are shown on either side of the lin-
ear fit.
to the original position, ostensibly to gain the best angle of ac-
cess to ensure appropriate tension on friable bowel tissue.

Neither computer-generated assessment was as accurate
in the OR as they were on the benchtop simulations. As de-
scribed in Azari,1 both the motion economy assessment
(slope = 0.65, intercept = 2.36, R2 = 0.66) and fluidity of mo-
tion assessment (slope = 0.71, intercept = 1.98, R2 = 0.77) ex-
hibited reduced R2 values when applied in the OR (0.49, 0.55,
respectively), despite similar intercepts and slopes compared
with the training data. The computer-generated assessment
of fluidity of motion more closely mirrored the OR expert rat-
ings than its motion economy counterpart.

DISCUSSION
This study tested how well previously trained computer-generated
assessments extrapolate to suturing and tying tasks in the OR.
Both benchtop-derived assessments (ie, motion economy, flu-
idity of motion) exhibited lower R2 values on the real-world
data, suggesting that the benchtop setting training data may
not account for contextual variation (eg, changing postures,
positions, errors, etc) in the OR. Outlier investigation showed
instances likemissing the tissue while driving a needle, moving
to better fit the hands inside the body cavity, and dropping or
resetting ligatures on slippery, friable tissue—features not
available in the training data. These variations indicate a deviation
in hand features that otherwise inform the computer-generated
assessment and suggest further utility in expanding the available
bimanual video training data.

Outlier examination also confirms that the computer-generated
assessments make no distinction between errors and inten-
tional movements. For instance, the automatic predictions
do not account for contextual features of the surgery that drive
changes in hand path. A participant suturing on foam, for in-
stance, may drive a needle too deeply into the foam but con-
tinue to complete the exercise, whereas an experienced
surgeon in the ORmay prefer to reset the needle driver instead
of completing a risky suture. The motion tracking algorithm
makes no distinction between these or other maneuver tech-
niques, such as one- or two-handed or tool-based tying—
complicating the feature set that feeds the assessment. These
contextual features have significant implications for live sur-
gery and minimal implications in training settings. Even so,
training gains must manifest appropriately within the subse-
quent live context, requiring the surgeon in training to adapt
and apply in potentially new ways the techniques and move-
ments learned deliberately in while practicing.
Vol. 16, Number 6, December 2021
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This study was limited to suturing and tying tasks and did
not comprise a holistic assessment of a surgeon's experience or
performance in all domains3 of surgical skill. An observed de-
lay in handmovement while suturing on foam could indicate a
lack of automaticity or underdeveloped mental schema to suf-
ficiently represent the task—prompting clear training remediation.
In the OR, however, where access to the body is constrained,
deliberate or purposeful postural changes may be indicative
of greater cross-domain synthesis and familiarity with the task
constraints, in which the surgeon delays to accommodate sen-
sitive tissue. An expert rater may be inclined to recognize this
context and unintentionally afford the participant a height-
ened fluidity score, thereby increasing the variability in the
testing data. On the other hand, repeated changes in posture
or balance in the OR could indicate a lack of confidence or
preparedness, although those motions could be considered effi-
cient. Future advances in OR video recording may offset chal-
lenges in connecting surgical skills domains with psychomotor
behavior and the observable hand movements by building out
a more well-rounded bank of surgical video from which to test
and train computer-generated assessments.
© 2021 Society for Simulation in Healthcare e191
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FIGURE 6. Predicted ratings versus expert ratings for fluidity of
motion (0–10) rating scale using (n = 48) video clips from the
OR.Confidence intervals (95%) are shown on either side of the lin-
ear fit.
In a similar vein, this study does not differentiate between
tissue types or suturing and tying maneuvers. Future expan-
sion of digital video records and data mining may alleviate this
limitation. Parallel work41 has automatically classified suturing
and tying periods every 2 seconds with 79% accuracy and may
be used in the future to further refine measures of fluidity of
motion and motion economy within the simulated setting.
Future work may also explore how different simulated tissues
(eg, foam, balloons, tissue paper) affect assessment scores.
Segmenting video by tissue type, as we have explored for
single-handed assessment routines in the past,28 may improve
overall accuracy by accommodating different behaviors for
different tissues. However, this increases the burden on man-
ual labeling of video data, decreases power, and limits the po-
tential for comparison between short clips observed in the OR
and video records collected during benchtop trials.

The different methods in deriving a consensus score for
OR videos (ie, consensus approach2) and benchtop videos
(ie, calibration, outlier removal1) reduce consistency between
the expert-generated and predicted ratings across the training
and testing data. This challenge was mitigated by using the ini-
tial consensus ratings and video examples to calibrate all sub-
sequent raters.

Evaluating assessment accuracy was also limited by the ex-
perience required to be a practicing clinician and the available
number of video clips (n = 48) derived from a limited number
of surgeons operating in the OR (n = 7). Although video train-
ing clips (n = 219) included records from students, residents,
and attendings suturing and tying on foam, only senior residents
and attendings may be approved to operate. The automatic rou-
tines tested here, however,may provide as a formative assessment
resource for more junior clinicians, reducing the burden on
experienced surgeons to provide feedback and better preparing
e192 Modeling Performance of Open Surgical Cases
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medical students and residents for evaluation. Despite these
limitations, outlier investigation suggests clear contributors
of prediction variability, including tissue type, shifting or
constrained postures, and contextual variation natural to sur-
gical cases.

Future model and video examination may be able to “re-
verse engineer” the specific features of movement, which are
contributing to overprediction or underprediction at any
point in a surgical record. A “reliability index” in the predic-
tionmay be able to limit outliers by presenting each prediction
with a confidence estimate. These processing additions may be
most applicable during formative exercises, to express the rel-
ative confidence of the prediction model to the participant in
training with minimal danger and barriers to implementation.
Feature analysis could help also explore which motion proper-
ties are most salient and important to different raters and/or
coaches. Coaches and trainers may benefit from working with
students who have already practiced suturing and tying with
the support of automated feedback about how their fluidity
of motion and motion economy may be perceived in a
real-world OR.

The results of this study emphasize 2 things: first, that the
computer-generated assessment are moderately predictive of
expert ratings in the OR and, second, that they are sensitive
to context within that more complex environment, and pro-
duce outliers under changes in posture, errors, or multiple at-
tempts. The range of residuals (±2) of the computer-generated
assessments was also greater than the original threshold for
consensus imposed upon the expert panel at large. As a result,
computer-generated assessment should be limited to provid-
ing formative feedback for training or retroactive investigation.
The automatic routines could be packaged into a “digital assis-
tant”—repeatedly used without sensors—and promote skills
gain through deliberate practice without burdening experi-
enced evaluators.

CONCLUSIONS
This study tests how well computer-generated assessments
trained during benchtop simulations perform in the more var-
iable and complex real-world OR. Expert video ratings serve as
ground truth, and results are framed within the modern validity
framework as articulated by Kane.24 The results suggest that al-
though computer vision of the hands and computer-generated
assessments of common benchtop suturing tasks could provide
automatic, quantitative feedback of medical student and resident
performance, the same assessments do not account for the wider
variation, contextual factors, or errors that expert surgeons
recognize in the OR. Future work expanding available video
and hand-motion data in various contexts will support contin-
ued refinement of automated assessment.
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