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Structured Abstract

Objective: Computer vision was used to predict expert performance ratings from surgeon hand
motions for tying and suturing tasks.

Summary Background Data: Existing methods, including the objective structured assessment
of technical skills (OSATS) have proven reliable, but do not readily discriminate at the task level.
Computer vision may be used for evaluating distinct task performance throughout an operation.

Methods: Open surgeries were videoed and surgeon hands were tracked without using sensors or
markers. An expert panel of three attending surgeons rated tying and suturing video clips on
continuous scales from 0 to 10 along three task measures adapted from the broader OSATS:
motion economy, fluidity of motion, and tissue handling. Empirical models were developed to
predict the expert consensus ratings based on the hand kinematic data records.

Results: The predicted v. panel ratings for suturing had slopes from 0.73 to 1, and intercepts
from 0.36 to 1.54 (Average A2 = 0.81). Predicted v. panel ratings for tying had slopes from 0.39 to
0.88, and intercepts from 0.79 to 4.36 (Average A2 = 0.57). The mean square error among
predicted and expert ratings were consistently less than the mean squared difference among
individual expert ratings and the eventual consensus ratings.

Conclusions: The computer algorithm consistently predicted the panel ratings of individual
tasks, and were more objective and reliable than individual assessment by surgical experts.

Mini Abstract:

Expert panel consensus ratings of performance were modeled by tracking surgeon hand
movements. Experts rated tying and suturing tasks on continuous scales, from 0 to10 for motion
economy, fluidity of motion, and tissue handling. The kinematic models objectively and reliably
predicted panel ratings of individual tasks.
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INTRODUCTION

Computer vision technologies utilize digital cameras and computer algorithms for tracking
motions, classifying information, detecting features, and recognizing patterns in digital
images and videos.! It has impacted a diverse field of applications, ranging from industrial
robotics, intelligent and autonomous vehicles, security surveillance, manufacturing
inspection, and human-computer interaction. Applications include face detection, expression
and emotion recognition, video surveillance and monitoring, and motion tracking and
analysis,22 to name a few. This proof-of-concept paper compares models using computer
motion tracking of surgeon hand movements against performance ratings made by experts.

A growing body of literature suggests that the technical skill of the surgeon can affect
patient outcomes.*-8 Technical skill contributes to three-quarters of adverse events in the
operating room,’-8 but common methods of measuring performance (i.e. in-training reports,
mentor observations and evaluation) have been criticized for lacking reliability and being
generally subjective® and are under increasing pressure to document proficiency.1? The
Obijective Structured Assessment of Technical Skills (OSATS) is based on observing
performance in real-time and rating candidates along a series of Likert-based scales in
conjunction with a procedure-specific checklist.11 Studies examining OSATS have
demonstrated strong validity evidence in accordance with Kane’s framework,12:13 especially
in providing formative feedback during training.14 Despite this proven track record,
correctly implementing OSATS is resource intensive and time consuming,1® prompting
exploration of more efficient assessment techniques.16:17

Motion capture and tracking of surgeon hand movements have the potential to fill these
gaps.18-22 The Imperial College Surgical Assessment Device (ICSAD) is an excellent
example. Studies utilizing ICSAD have shown it is possible to identify consistent differences
in trainees and experts by observing the position of small sensors placed on the hands,23:24
and that these movements correlate strongly with OSATS global rating assessments.25
Unfortunately, this self-contained system, is limited to benchtop models and consequently
not easily applied in the operating room.26 Assessment in the operating room requires a non-
invasive and scalable means of observing surgical motion without relying on embedded
sensor technology.

Video mation capture of the surgeon’s hands in the surgical field, facilitated by increasing
availability of cameras in the OR, offers an expedient alternative to integrated sensor-
software systems. We have developed marker-less video processing methods using
conventional single camera digital video to reliably track the motion trajectory of a selected
region of interest over successive video frames without the need for sensors or markers.27-29
We have also demonstrated how tracked hand motion can quantify kinematic properties of
movements and exertions during specific tasks.2730:31 Previous studies by our group have
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used this technology to isolate kinematic differences in surgical hand motion,2° and identify
statistically significant differences between surgeon roles (attending vs resident), tasks (tying
vs suturing) and tissue types during open surgery.32

This study compares expert ratings of surgical skills (our current gold standard) to kinematic
measures of surgeon hand motions to evaluate the potential use of video to automatically
measure technical skill. The objective is to establish empirical models of expert-rated /n vivo
performance during operations by extracting kinematic features of tracked hand movements.
We created task-specific rating scales and tracked hand motion records to predict subject
matter expert ratings of surgical performance for a series of suturing and tying tasks. We
hypothesize that the kinematic features of a surgeon’s hand motion measured using marker-
less tracking can be used to accurately model subjective performance ratings made by a
panel of experts.

METHODS

Participants

This study utilized in-light OR video cameras (Figure 1) to capture hand motions of 9
surgeons (6 attendings and 3 residents) during 16 surgical cases. Cases included colorectal,
complex upper gastrointestinal, hepatobiliary, surgical oncology, transplant, vascular,
thoracic, and cardiac operations. Our institutional review board granted ethical approval for
recording and analysis of video data for these operations. Written informed consent was
obtained from participant surgeons in advance. Cases were recorded over nine months. Due
to the positioning and limited field of view of the in-light OR camera, no patient details or
protected health information were captured. Audio was not recorded.

Video Selection

Recording of approved cases was initiated remotely after the operation began and stored on
a secure hospital computer enabled with a video encoder (AXIS video encoder, Axis
Communications, Lund, Sweden). We reviewed the videos using Multimedia Video Task
Analysis (MVTA)™ software (Wisconsin Alumni Research Foundation, Madison, WI)
developed by Yen and Radwin.33 MV TA allows real-time review, labeling, and exporting of
video events. A member of the research team familiar with operative technical tasks (LLF)
screened and categorized the videos in MV TA for segments of tying or suturing tasks where
the hands were clearly visible for at least five seconds. Suturing tasks were categorized as
bowel anastomosis (SBA), complex anastomosis (SCA) such as hepaticojejunostomy, or
suturing on the body wall (SBW) during closure or stoma formation, for example. Each
tying task was categorized as follows: closing and external tying on the body wall (TBW),
intra-abdominal superficial tying (TSF) or intra-abdominal deep tying (TDP). A full
taxonomy and further information on the surgical procedures performed are described in
Frasier et al.32

Rating Scales

Subjective visual-analog rating scales®* were created for evaluating surgical performance
during short clips (5-30 seconds) for motion economy, fluidity of motion, and tissue
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handling (Figure 2). We developed the scales utilizing the OSATS motion scales (i.e. respect
for tissue, time and motion, and instrument handling) as assessment blueprints. The scales
were framed to evaluate performance during a short clip rather than for an individual over a
whole procedure (thereby omitting procedure-specific checklists), and defined to comprise
the entire range (0-10) of possible behaviors observed over that segment.

Fluidity of motion is a measure of hesitancy, pauses, or changes in direction and “resets,”
which may be a component of Moulton’s “slowing down,”3° or contribute to time spent idle.
36 Tissue handling quantifies the appropriateness of the surgeon’s force and tension when
manipulating the tissue,37:38 and varies based on the tissue’s friability and fragility.18
Motion economy is defined as efficiency of movement, or conservation of energy in any
trajectory. Such behavior is consistently documented as a mark of expert psychomotor
behavior, and increasingly studied as a measure of surgical skill.2>:39

A consensus panel of three expert surgeons (CCG, JAG, CMP) viewed each clip in random
order and independently rated hand motion across the scales. Each surgeon announced their
ratings to the group. Discrepancies were discussed until consensus was achieved for each
rating. If absolute consensus was unable to be achieved, the clip was scored according to the
majority evaluation.

Motion Tracking

Calibration

Custom video tracking software,2’ developed in one of the authors’ (RGR) lab, was used to
trace a region of interest (ROI) on a visible portion of the surgeon’s hands (generally the
index finger or thumb) across successive video frames. We previously used this marker-less
tracking approach to examine differences in hand motion between attending and resident
surgeons, 32 to discriminate between dominant and non-dominant hand motion during
reduction mammoplasty20 and to evaluate hand-motion patterns during simulated clinical

breast exams.3! The x-y pixel location of the ROI for each frame (every 31—0 of a second) was

recorded. An analyst selected the size and position of the ROI to track the surgeon’s hand for
each video clip, and due to occasional occlusions of the hands and changes in lighting,
supervised tracking of the ROI, making manual corrections as necessary.

In-frame visible measurements of the hands were used to calibrate each video clip from
pixels to millimeters. We previously used hand dimensions to provide acceptable estimates
of hand speed.30 Observed proximal interphalangeal joint breadth was scaled to the
population means of males (23.0 mm) or females (19.9 mm) depending on the gender of the
surgeon. The proximal interphalangeal joint breadth was selected due to its small coefficient
of variation for males (0.071) and females (0.064) as determined by the US Army.40 The
video was calibrated based on average hand measurements across three different frames, and
recalibrated for any change in the position of the in-light camera or the surgical field.

Variable Selection

The tracked record of the ROI location allowed quantification of instantaneous
displacement, speed and acceleration of the surgeon’s hand, and several additional measures
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including jerk#! and spatiotemporal curvature.? Jerk is the third derivative of position with
respect to time and generally represents how smooth a motion is, while the spatiotemporal
curvature function is a measure of direction change based on multiple derivatives of the
position signal and is used to indicate the number of discrete movements.

A second order Butterworth filter within empirically observed upper limits of hand
frequency for mono-hand tasks*3 (pass band = 0.005 to 1.000 Hz) was applied to smooth the
acceleration and curvature signals and a Fast Fourier Transform (FFT) function was applied
to each signal set to isolate any consistently cyclic and repeated motion patterns, a growing
avenue of research in surgical dexterity.*4 Moving averages were calculated for the original
and smoothed signal types (speed, acceleration, curvature), as well as relative densities to
see how much area is consistently and repeatedly traversed by the hand (this can essentially
be interpreted as a proxy for path length, a common variable output by platforms such as the
ICSAD.24) These predictor variables are distributed across the variable families shown in
Table 1.

Modeling Process

Validation

We developed a set of linear regression models to test whether the kinematic features could
predict the expert ratings across each of the motion scales. The predictor variables were
examined for collinear relationships, and subsets of these selected for regression analysis. In
selecting variables to initiate the modeling process, we hypothesized that the average speed
and consistent locations in the speed signal would give strong predictions of motion
economy ratings, while the peak arrival rate in the acceleration signal would predict fluidity
ratings and jerk or pauses would predict tissue handling ratings. In other words, motion
economy might correspond to how fast the surgeons are moving in a consistent area, while
fluidity might relate to how many changes in speed there are, and tissue handling would be
sensitive to any sudden, repeated changes in direction. The models were optimized using the
Akaike information criterion to balance the prediction against the number of variables.4®
Every consensus rating scale (fluidity of motion, motion economy, tissue handling) was first
modeled for each distinct category of surgery (i.e. SBW, SBA, SCA, TBW, TSF, TDP). We
then examined the combined predictions from suturing tasks and tying tasks for each rating
scale (Figure 3).

In order to assess the internal validity of the prediction models, we compared the sum of
squared errors (SSE), a statistical measure of variance, to the leave-one-out predicted
residual sum of squares (PRESS) statistic — a common approach in validating models where
test data is not available.#6:4” The SSE measure assessed the overall fit, whereas the PRESS
statistic penalizes the model if it depends on outliers. The closer these values are, the better
the model matches the current data without relying on outliers, and the better prediction it
provides. We calculated the root-mean SSE and root-mean PRESS statistics to normalize the
comparison between models, and refer to this value as the model’s “error” for ease of
reference (see Table 2). Ideal prediction models would have several properties. The
predicted and ground truth ratings should form a straight line from (0,0) to (10,10), such that
any unitary increase in expert appraisal would be met with a similar predicted increase. We
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arbitrarily defined acceptable models to have a slope between 0.5 and 1.5, an intercept
within + 2 of zero, and an /2 > 0.75. While other thresholds could be defined, these bounds
were chosen to ensure (1) a limited difference between the ground truth and the prediction,
and (2) a prediction consistent throughout the domain of each scale.

In total, 103 video clips (mean time = 11.72 seconds) were recorded of six attending and
three resident surgeons performing suturing and tying tasks throughout 16 varied operations.
These included SBA, SCA and SBW suturing clips (n = 44), and TBW, TSF and TDP tying
clips (n = 59). The marker-less hand tracking frame-by-frame position data provided more
than 1,500 kinematic variables, spread across the variable types in Table 1.

Rating Scales

Each clip was observed by three expert surgeons and rated along 0-10 analog scales for
motion economy, fluidity of motion, and tissue handling. The expert raters achieved
consensus after a maximum of three iterations for all the video clips. Observed ratings for
suturing tasks ranged from 2-9 (mean = 5.91, sd =1.62). Tying task ratings ranged from 3-9
(mean = 7.12, sd = 1.10) and were particularly skewed towards the upper end of the scale.

Prediction Models of Expert Ratings

The linear regression slopes and intercepts for each of the rating scales and task types are
seen in Table 2. The models for fluidity of motion for suturing (Figure 3a; slope = 0.86,
intercept = 0.80, A2 = 0.86) and motion economy for suturing (Figure 3b; slope = 0.89,
intercept = 0.64, A2 = 0.88) had the best predictions, and moderately better than tissue
handling of suturing (Figure 3c; slope = 0.76, intercept = 1.1, /2 = 0.69).

The predicted vs. consensus ratings of motion economy for tying tasks (Figure 3e; slope =
0.65, intercept = 2.51, A2 = 0.64) had better predictions than tissue handling (Figure 3f;
slope = 0.53, intercept = 3.33, /2 = 0.52) and fluidity of motion (Figure 3d; slope = 0.54,
intercept = 3.28, /2 = 0.54).

Prediction Model Validity

Linear prediction models were validated by comparing their difference, or “error”, between
root-mean predicted residual (PRESS) and root-mean sum of square errors (SSE). Motion
economy had the least internal error (0.17, 0.07) during bowel anastomosis and superficial
tying, respectively, as well as the least average error (0.27) for suturing ratings overall.
Fluidity of motion models similarly performed well for suturing and tying along the body
wall with errors of 0.21 and 0.11. Tissue handling had the highest error for both suturing and
tying tasks (0.52, 0.26). Low errors suggest strong positive relationships between hand
kinematics and expert ratings — a necessary component of Kane and Messick’s modern
approach to validity.13
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DISCUSSION

This study demonstrates that computer vision capturing kinematic data from marker-less
motion tracking of video records offers an objective and scalable approach for measuring
surgical skill, and establishes evidence consistent with Kane’s validity framework3 We
created subjective rating scales for fluidity of motion, motion economy and tissue handling
using existing OSATS measures as an assessment blueprint. We used kinematic features of
the hands to develop prediction models of the expert ratings and compared the model
performance against the variance among experts. Models consistently had less variance than
the individual experts exhibited prior to consensus (see Figure 4). In this process, we
identified the kinematic measures most closely linked with expert surgeons’ ratings of
common surgical tasks. Because this approach relies only on non-invasive video tracking
and not invasive markers for motion capture, it represents a critical step forward in a scalable
and reproducible method for objective assessment of surgical technical skill during actual,
open operations.

Numerous features were extracted from the video. Hand position, speed, acceleration, and
curvature were measured and recorded. Based on prior expectations of psychomotor
performance, a series of additional variables were calculated, including peak frequency and
variance, path density, working area and moving averages. Peak arrival rates in both the
unfiltered and smoothed speed and acceleration signals were consistently correlated and
significant in the prediction models.

The fluidity of motion and motion economy models for all suturing tasks had slopes
between 0.73 and 1, and intercepts between 0.30 and 1.54. While models of tissue handling
underperformed the former, the tissue handling prediction for complex or bowel anastomosis
suturing tasks had a slope of 0.93 and intercept of 0.36. Many models utilized the peak rate
arrivals in the acceleration signal, and achieved slopes close to 1, with intercepts between
0.5 and 1.5, which indicates excellent fit. These results support the conclusion that kinematic
features of a surgeon’s hand motion, measured using marker-less tracking, can accurately
model subjective performance ratings made by a panel of experts. Such measures are useful
in providing objective and automatic feedback, and necessary in developing evidence of
validity for future competency-based assessments.*8

There are several limitations to consider. First, this study was contingent on access to video
of live operations. Thus, not all scores were observed across all task sub-types. Tying tasks
demonstrated skewed expert ratings or had a limited range of scores, reducing the variance
and making these tasks more difficult to predict, despite low error estimates. Additionally,
the task-specific rating scales themselves did not always address the surgical context. For
example, a surgeon with excellent fluidity may exhibit periods of frequent pauses to gather
information, avoid distraction, compensate for a hand tremor, or simply resolve confusion or
nervousness. While the detection itself does not suggest a particular decision or course of
action to improve, automatically identifying events such as “slowing down,” as Moulton3®
describes, could streamline video analysis to target critical points in an operation and
provide insight into surgical decision making. In other words, computer vision technology
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might automatically detect difficulties in an operation, demonstrated by acute changes in
hand motion.

This technology also ignores the consequences to a procedure or a patient, and would need
to meet additional evidence requirements as outlined by Kane and Messick1213 before any
deployable assessment routine takes shape. Such assessment would also need to incorporate
whether the surgeon identifies the anatomy and adjusts their technique appropriately,
commits errors, or generally performs the operation correctly. A suturing task with low
fluidity of motion (high hesitancy, frequent pauses) may exhibit significant motion while
repositioning the driver multiple times, without contacting tissue, despite a continuous
motion tracking record. It is possible that such events may be isolated by combining the
different scale predictions (i.e. sudden poor tissue handling during a period of low fluidity
and high motion economy may hold valuable information about the current state of the
surgery.) Future work may address these challenges by considering the implications or
consequences of assessment scores for a whole surgical case. These investigations may
consider the quality of observed ties or stitches,*® and focus on more advanced relationships
between kinematic features and the overall surgical state, utilizing patterns of motion across
repeated cycles?! and language models26:50 to automatically classify surgeons and
procedures.

We anticipated that fluidity would produce the best prediction outcomes based on recorded
speed, and that tissue handling would be most difficult to model, given dependence on tissue
type. Similarly, the more complex anastomoses and tying tasks were expected to have
greater variability in hand movements — potentially making them more difficult to predict.
The tissue handling model for anastomoses (bowel and complex) performed better than
tissue handling along the body wall, supporting the hypothesis that tissue handling ratings
may be more sensitive to the categorization process and exhibit higher variation. It is also
possible that the cues the raters used to gauge tissue handling were not as readily identifiable
in the motion tracking record for suturing along the body wall (i.e. hand shape, individual
finger dexterity), and therefore currently unavailable to the automatic routine.

Arranging time for the expert panel to view and rate the videos was the most difficult aspect
of the study. Surgeons reported achieving consensus relatively easily after discussion, but
had general difficulty when the field of view was limited. How surgeons resolved
disagreements for these clips may suggest additional contextual features to improve the
predictions, and may help to establish evidence of validity in the response process itself.
Collecting and applying motion tracking routines to the videos played in real-time was also
resource intensive and time consuming. More complex procedures with multiple changes in
patient or camera positions, shifting light conditions and occlusions required active input
from human observers to recalibrate and instantiate a new tracking ROI. Future software
could expedite this workflow, allowing observers to adjust tracking properties on the fly.
Software may also allow surgeons to rate videos independently or remotely and resolve any
discrepancies in a consensus rating over time. As video collection and editing programs
advance, and video recording of operations becomes more widespread, we anticipate that
these processing stages will require less manual effort.
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In future studies, the overall difficulty with skewed distributions could be mitigated by
collecting videos of specific clinically simulated scenarios, where variety and experience is
intentionally controlled to accommodate the full range of performance ratings. In this
setting, the rating scales and kinematics could incorporate different surgical approaches, as
some surgeons throw one handed ties while others prefer two handed ties and the kinematic
path for these are quite different, limiting the features available for comparison. An expert
viewer may be able to distinguish between a successfully thrown knot and a dropped
ligature, but depending on how the surgeon moves after the error, their kinematic path may
look identical. Such situations continue to require subjective supervisory intervention and
assessment, and future work is needed to (1) automatically identify these contextual factors,
and (2), assess measures of reproducibility among different stations and raters in more
controlled (i.e. benchtop) simulations.

Access to immediate, reproducible kinematic-based feedback based on video review can
inform self-assessment, direct practice of specific tasks, and build overall surgical skill. This
may help to provide a venue in which skill development is quantifiably traceable to training
interventions. If used to track expert surgeons, the capacity to deconstruct surgical skill can
provide a deeper understanding of the kinematics of surgical performance and aid in the
development of novel approaches to skill acquisition. Understanding the components of
performance and providing such feedback can potentially shorten the current learning curve
and help detect skill decay using objective measures either during periods of inactivity or
toward the end of surgical careers.

The findings in this study represent a measurable step forward in creating more objective,
reproducible, and accessible assessments of surgical skill commensurate with direct video
observation by panel of expert raters. The prediction models have the potential to be
packaged into automatic, on-demand feedback in and out of training settings, providing a
reliable measure of assessment and consistent feedback to facilitate direct practice of hand
motions for specific tasks. Future work is needed to explore the capacity of motion capture
alone to make decisions about trainee competence. As video capture is becoming
increasingly common in the operating room, computer vision motion tracking allows for a
uniquely scalable approach to surgical skill analysis.
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Study overview. Video from the in-light camera in the OR was collected. A panel of three
expert surgeons rated task performance through a consensus process. Hand motion in the
video was tracked and a series of kinematic feature characteristics were extracted.
Regression models were used to predict the expert consensus ratings based on the extracted
features for all the video clip segments.
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Figure 2 —.

Subjective rating scales were based on fluidity of motion, motion economy, and tissue
handling for tying and suturing tasks.
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% SBW Body Wall
A SBA Bowel Anastamosis
O SCA Complex Anastomsis

* TBW Body Wall
4 TSF Superficial
O TDP Deep

Prediction models vs. observed results for suturing and tying tasks across all tissue types and
scales for (a) suturing fluidity of motion, (b) suturing motion economy, (c) suturing tissue
handling, (d) tying fluidity of motion, (e) tying motion economy, and (f) tying tissue
handling.
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Comparison of Variance Between Experts and Video Based Model

B Model Variance
O Expert Variance

I 1T
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Suturing

Figure 4 —.

Motion Economy Tissue Handling

Tying

Comparison of variance in video-based model (Mean Square Error) and individual
prediction ratings (Mean Squared Difference) from the expert consensus ratings. The model
consistently provides greater reliability than the individual experts in predicting the

consensus ratings.
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TABLE 1.

Features Used for Modeling the Consensus Rating Scales

Summary Kinematics

RMS Speed & Acceleration

Moving Averages

Peak Counts

Peak Frequencies
Peak Variation
Idle time (%)
Working area

Path Density(Avg, Med, Sd,
Max)

Speed Density(Avg, Med, Sd,
Max)

Curvature Density(Avg, Med,
Sd, Max)

Mean, median and max of speed, acceleration, curvature and jerk
Root mean-squared transformation of speed; acceleration (respectively)

Simple, exponential and moving averages applied to original and smoothed speed, acceleration and curvature
signals

Number of peaks, applied to pure and filtered speed, acceleration, curvature and all moving averages at
thresholds at intervals of 20% from 0% to 100% of maximum signal amplitude and intervals of 20 mm/s for
speed (up to 100) and 200 mm/s? for acceleration (up to 1000)

Number of peaks divided by length of video clip (s) for each type of peak count category
Coefficient of variation in peak arrivals (standard deviation / mean) for each peak count category
Percent of time spent below speed threshold (set every 5 mm/s up to 50 mm/s)

Mean variance in x-y distance calibrated positions over all recorded frames

Ratio of recurrent (range 0-7) recorded x-y positions to total recorded x-y positions

Ratio of instantaneous speed in recurrent (range 0-7) recorded x-y positions to total recorded x-y positions

Ratio of instantaneous curvature values in recurrent (range 0-7) recorded x-y positions to total recorded x-y
positions

Kinematic variable family names (left) and associated descriptions (right).
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