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Minimally invasive surgical techniques, 
such as laparoscopic surgery, typically 
offer important patient benefits. Un-

fortunately, the psychomotor and cognitive skills 
needed to become proficient at laparoscopic surgery 
remain extremely challenging to learn and teach. 
In addition, objective means of measuring surgical 
performance have been limited to summary, one-
dimensional data such as task time or total errors, 
making it difficult to evaluate surgeons’ skills and 
provide feedback to them.

The advent of new technologies such as robotic 
surgical instruments, computer simulators, and 
computer vision algorithms has created an oppor-
tunity to record multidimensional data including 
tool paths, forces, deformations, and physiological 
information during surgery and training (see the 
“Related Work in Surgical Visualization” sidebar). 
These new data sources have great potential to lead 
to objective evaluation metrics. However, incorpo-
rating these data into a new paradigm of data-
intensive surgery raises many important research 
challenges, including how to store, query, analyze, 
interpret, and display large-scale time-varying 
multidimensional surgical datasets (see the “Ob-
taining Surgical Data” sidebar). In particular, little 

research has focused on visualizing data collected 
during surgical procedures (including training) to 
identify potential areas for error reduction and po-
tentially accelerate learning.

Here, we explore visualizing trends in large da-
tabases of multidimensional time series data from 
surgeons performing a basic laparoscopic-surgery 
training task. Previous research-
ers have applied machine-learn-
ing techniques to these quan-
titative performance data—for 
example, classifiers can help 
distinguish novice and expert 
surgeons.1 We believe visualiza-
tion could augment computa-
tional tools such as these to elu-
cidate specific factors or trends 
that could inform the design of 
improved training tools. Fur-
thermore, visualization could 
provide a particularly effective 
method for conveying data trends to surgeons.

From the visualization research community’s 
perspective, as supported by a panel discussion at 
VisWeek 2010, these goals relate to the grand chal-
lenge of supporting analysis at scale. Regarding 

A new system has visualized 
force, position, rotation, and 
synchronized video data from 
300 bimanual laparoscopic-
surgery tasks performed 
by more than 50 surgeons. 
Insights and feedback from 
an interdisciplinary iterative 
design process and use 
case studies support such 
visualization’s utility.
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surgical training applications, specific visualiza-
tion-at-scale challenges arise in the areas of orga-
nizing and querying databases of movies, forces, 
positions, high-level descriptions of tasks, and 
other data and in recognizing that the results 
generated during data exploration are useful data 
themselves. Another core challenge is supporting 
visualization of coordinated complex bimanual ac-
tivities based on multivariate, time-varying data. 
Scaling visualization applications to support ag-
gregate analysis across hundreds or thousands of 
instances of complex time series data such as these 
remains a major research challenge.

Working toward these grand challenges, this 
article contributes what is, to our knowledge, the 
first interactive exploratory visualization of a da-
tabase of surgical data on the scale of the Surgi-
cal Genome Project (see the “Obtaining Surgical 
Data” sidebar). Our visualization system employs 

three novel visualization techniques iteratively de-
signed for analyzing surgical data:

 ■ a smart brushing (selection) interface,
 ■ multiview video overlay, and
 ■ an animated 3D tool trace visualization.

To store surgical training data, the system uses an ex-
tensible formal data model, and it links exploratory 
visualizations to a robust database infrastructure.

The Task and Data
To illustrate how our system works, we visualized 
surgical data consisting of 300 peg-transfer tasks 
performed by more than 50 surgeons. The peg-
transfer task is one of five standard tasks in the 
ubiquitous Fundamentals of Laparoscopic Surgery 
training module.2 In this task, the surgeon tries to 
pick up and move a series of six blocks from the 
pegs on one side of a board to the pegs on the other 
side and then move them back. The blocks must 
be picked up by one hand’s laparoscopic tool and 
then transferred in the air to the other hand’s tool. 
Each tool has a grasper resembling a small alliga-
tor clip. For the task to be considered successful, 
the surgeon must complete it without errors (such 
as dropping a block) under a given time threshold.

Besides recording a video for each attempt, we 
captured the

 ■ Cartesian tool position,
 ■ tool rotation around the shaft axis,
 ■ tool grasp force,
 ■ grasper angle, and
 ■ time.

The EDGE (Electronic Data Generation and Evalu-
ation) platform captured a total of 428,924 frames 
of multivariate data at 30 Hz; watching all the 
video collected would take almost four hours. (For 
more on EDGE, see the “Obtaining Surgical Data” 
sidebar.) The database infrastructure we developed 
derived additional quantities, such as velocity or 
block transfer events, and passed them on to the 
visualization system.

Our Visualization System
Inspired by Ben Shneiderman’s information-
seeking mantra (“overview first, zoom and filter, 
then details on demand”),3 Figure 1 illustrates how 
several complementary interactive data views sup-
port exploratory visualization. Traditional 2D plots 
support graphing any dimension of the data against 
any other dimension and support analysis and fil-
tering. Video augmented with data overlays provide 

Fueled by advances in computer graphics, VR, robotics, haptics, 
visualization, and related hardware technologies, surgical simu-

lation tools have experienced tremendous growth and reached 
new levels of realism.1 To complement simulators, visualization 
research has contributed many tools to help us understand imag-
ing and related data. Real-time clinical surgical visualization tools 
have also been a focus of research2 and, more recently, commer-
cial consoles such as Intuitive Surgical’s da Vinci surgical robot. 
(For more on da Vinci, see the “Obtaining Surgical Data” sidebar.) 
Although many simulator tools can report summary statistics at 
the end of a trial, we know of no previous exploratory visualiza-
tion systems designed to examine aggregate multidimensional 
high-resolution surgical performance data.

Regarding scaling visualizations of time-varying data to work 
across a large set of motions rather than just a single motion, our 
research is similar to recent multiview visualizations applied to 
studying animal biomechanics.3 Surgical applications raise new 
questions in terms of incorporating video into multidimensional 
visualizations, developing abstract 3D representations to encode 
bimanual tool trace data, and designing visualizations that can 
convey appropriate feedback to surgeons.
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contextual information required to interpret 
trends, and a 3D visualization supports analysis 
of multivariate tool path data in a spatial context.

All views are linked; multiple windows can refer 
to the same set or subset of data, and interactions in 
one view affect the others. Brushing techniques let 
users select a subset of data displayed in the current 
window and then filter the data on the basis of this 
selection, activating new visualization windows to 
display just the relevant subset. Users can save these 
selections, allowing repeatable data analysis.

Smart Brushing
The basic interaction for controlling selection and 
data filtering is click-and-drag. The user moves 
the mouse to create a selection rectangle, which 
selects any data points falling within it. After the 
user makes a selection, he or she can right-click 
to activate a contextual menu, which contains 
options for creating new visualization windows 
tied specifically to the selected data points.

We developed several extensions to this basic 
brushing interface to support visualization of 
surgical data. For example, Figure 2a shows a 
plot of the left and right grip force. The user has 
selected an interesting subset of the data that 
usually corresponds to the subtask of transferring 
the block from one hand to the other. In a 
traditional visualization, to understand what’s 
really happening at these points in time, the user 
would typically activate a video window, which 
would then play the sequences of highlighted 
frames. The problem is that the highlighted frames 
represent very small time windows—just the split 

second when the block transfers from one hand 
to the other. Watching just these frames would 
provide little context to interpret the data.

Our solution (see Figure 2) automatically ex-
tends the selection forward and backward in time 
to provide more context to interpret the data. Ac-
tually, the selection shown in Figure 2b would be 
impossible to make without this smart interface. 
The user wouldn’t be able to select the appropri-
ate subset without also selecting additional, ir-
relevant frames.

We experimented with several techniques to 
determine how far in time to extend the user’s 
selection. The simplest is to expand by a fixed time 
such as 0.5 second. More data-driven approaches 
are also possible. In Figure 2, for each sequence of 

(a)

(b)

(c)

(d) (e)

Figure 1. Visualizations to explore multidimensional data collected during laparoscopic surgical training. 
(a) The left and right grasp force. (b) The time derivative of these quantities. (c) The right grasp force over 
time. (d) Video recorded during the trial. (e) Detailed 3D tool trace information. All views are linked; multiple 
windows can refer to the same set or subset of data, and interactions in one view affect the others.

(a) (b)

Figure 2. A brushing interface intelligently extends mouse selections 
forward and backward in time to capture appropriate context. (a) The 
user highlighted the blue points in this plot. (b) The curves show the 
selection as interpreted by the interface.
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frames selected, the algorithm traverses the frames 
before and after to identify data discontinuities (for 
example, a jump from high to low force). It sets the 
selection endpoints to correspond to these instances.

Video Overlays
Abstract data plots alone typically don’t provide 

enough context to interpret data. Videos, on the 
other hand, are particularly valuable for providing 
contextual information but don’t provide concrete 
quantitative data. One of our design goals was to 
tightly integrate these two complementary data 
displays.

With this motivation, we overlaid animated 

Modern surgery has been derided as more art than 
science, perhaps because surgeons lack quantitative 

tools during operations and training. Pervasive instrumenta-
tion, simulators, and widespread robotics are fundamentally 
altering surgery, enabling an unprecedented degree of 
precision and quantitative rigor that promises to improve 
patient outcomes and reduce critical costs. We call this bud-
ding field computational surgery.

The Current State
A growing trend in the operating room (OR) is platforms for 
collecting rich, quantitative surgical data. An early example 
from the University of Washington’s BioRobotics Lab (BRL) 
was BlueDragon (see Figure A1). It recorded data from me-
chanically instrumented surgical tools while surgeons prac-
ticed common laparoscopic procedures on anesthetized pigs. 
BlueDragon recorded video and 12 degrees of freedom for 
position, orientation, forces, and torques, plus grasp force 
and tissue contact for each hand at 30 Hz. A desktop ver-
sion of BlueDragon, Simulab Corporation’s award-winning 
EDGE (Electronic Data Generation and Evaluation; see Fig-
ure A2), has recorded more than 400 surgical training tasks.

The most prevalent data source is Intuitive Surgical’s da 
Vinci surgical robot (see Figure A4). With more than 1,500 
units deployed in hospitals worldwide and rapid expansion 
into additional surgical specialties, it’s poised to replace 
several manual laparoscopic procedures. This establishes 
computational surgery on a firm quantitative foundation 
in the OR, generating more than 80 dimensions of sensor 
data along with high-definition stereoscopic video. To ease 
data access, BRL developed SurgTrak, a da Vinci add-on, to 
record 20 dimensions of position and orientation data and 
synchronized video.1 SurgTrak has recorded more than 
1,000 iterations of robotic surgical tasks in dry-lab set-
tings. An appealing alternative is the Raven surgical robot 
(see Figure A3), an open, academic research platform that 
yields all its internal signals2 (http://brl.ee.washington.edu/
laboratory/node/26).

The Surgical Genome Project
To advance, computational surgery must collect ethically 
sound quantitative data from practicing surgeons; however, 
this process can be forbiddingly arduous and expensive. 
To this end, the Surgical Genome Project (SGP) is an open, 
Web-based repository of relevant, de-identified surgical 

data for use by academic researchers and clinicians (http://
surgenome.ee.washington.edu). The SGP intends to spur 
progress by allowing easy participation and a common 
framework for comparing analytical results. Yet, the same 
richness and breadth that make this data so beneficial to 
surgery is also a hurdle to its use. As this new branch of 
science emerges, scalable exploratory visualization tools 
could uniquely contribute to and catalyze its success.
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Obtaining Surgical Data
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Figure A. Surgical data capture platforms. (1) BlueDragon. (2) EDGE 

(Electronic Data Generation and Evaluation). (3) The Raven surgical 

robot. (4) The da Vinci surgical robot.
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data plots on top of video replays, visually bringing 
quantitative data displays as close as possible to 
the videos that help us interpret them. Figure 3a 
shows a screenshot of a video of a trial performed 
by an expert; Figure 3b shows a screenshot for a 
novice. The bar plots on the left and right depict 
the instantaneous grip force applied by the left 
and right hands. To further illustrate patterns in 
the use of force, the display includes an animated 
line graph capturing the last several seconds of 
force measurements for each hand.

The augmented video visualization also includes 
aural and visual indicators activated when tool 
forces exceed either a warning or danger threshold. 
The audio tones are localized to the speaker cor-
responding to the tool that exceeded the threshold 
(that is, the left or right speaker). Using the same 
thresholds, the corresponding side of the video is 
tinted yellow (warning) or red (danger). Currently, 
these features are used for post hoc data visualiza-
tion, but we believe that there’s great potential to 
utilize similar techniques for real-time formative 
feedback (see the “Surgical Training and the Im-
portance of Formative Feedback” sidebar).

These augmented video visualizations enable two 
new analysis modes. First, we can observe patterns 
in the use of force from one hand to the other (that 
is, bimanual coordination) by looking at the data 
displayed in a single video. Second, we can compare 
multiple tasks performed by the same surgeon or 
the same task performed by multiple surgeons.

Multivariate 3D Visualization
It’s challenging to identify correlations among 
multiple data variables and understand how the 
variables change relative to the 3D tool position. To 
facilitate this, we developed a series of exploratory 
3D visualization techniques.

Our approach is inspired by the success of the 
textured and color-coded 3D glyphs that Colin 
Ware and his colleagues introduced for visualizing 
the diving and feeding activities of whales as they 
move through the ocean.4 Our data also represent 
motion paths through a 3D space, but three 
important differences informed our rendering 
algorithm’s design (see Figure 4). First, the surgical 
tools often return to the same positions as the 
surgeon works, so path traces frequently overlap. 
Second, the data can be noisy, and some portions 
have little motion. Finally, we’re interested in 
analyzing coordinated motions—that is, motions 
of two tools working in tandem.

The legend in Figure 4 describes our current 
mapping from data to visualization. A textured 
ribbon traces the 3D tool path. The ribbon’s 
orientation, texture, and color are all tied to data 
variables; the space surrounding each ribbon 
includes additional glyphs. The color mappings 
match those used in the video overlays, enabling 
associations between the two types of displays 
when they’re animated synchronously.

Our design began with a rendering algorithm 
nearly identical to Ware and Wiley’s; we then 

Laparoscopic surgery is one of the most common 
minimally invasive surgical techniques. Current lapa-

roscopic procedures require surgical skills far beyond 
the basic set needed for the peg transfer task. (For an 
explanation of this task, see the section “The Task and 
Data” in the main article.) Achieving the correct use 
and control of force is one of the most challenging skills 
for surgeons to learn and instructors to teach. Although 
metrics exist for describing tissue damage after it has 
occurred (such as the area of tissue tear), it’s difficult for a 
mentoring surgeon to observe inappropriate use of force 
until it’s too late.1,2

In contrast, an ideal training scenario would include 
formative feedback—that is, useful feedback delivered in 
real time during training and perhaps even during clinical 
use. To enable a new approach to data-driven formative 
feedback for surgical training, we need new tools to

 ■ analyze surgical data in real time,
 ■ relate real-time performance data to metrics derived 
from massive datasets, and

 ■ provide appropriate feedback to training surgeons via 
visual, auditory, or other channels.

Video overlays, audible feedback modes, and 3D multi-
variate surgical-tool trace displays can serve as a starting 
point for developing these tools. For example, we believe 
incorporating these visualization strategies into interactive 
stereoscopic training environments will be a particularly valu-
able direction for future research. This approach has great 
potential to improve the effectiveness of surgical procedures 
and patient health while accelerating skill acquisition.
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refined the strategy over several iterations to work 
more effectively for this surgical application. Ini-
tially, the ribbon form displayed in the visualization 
was a fixed width, which could facilitate depth judg-
ments. However, this design was sensitive to changes 
in the tool’s position and orientation resulting 
from noisy data or muscular jitter. These portions 
of the data created discontinuities in the ribbon 
form that ended up being more visually salient 
than other, more important regions of the data.

Our solution first applies a lightweight smooth-
ing filter to the data, then maps the ribbon width 
to speed (using a nonlinear mapping). This design 
emphasizes the form of the ribbon in areas of de-
cisive motion while diminishing its visual saliency 
in areas of little motion. It also helps simplify the 
geometry in the display so that the forms of over-
lapping motion traces are easier to discern.

Figure 4 reflects several other important design 
decisions. Shadows on a textured ground plane 
convey spatial relationships. Rather than displaying 
the entire tool motion over the course of a trial, 
we display only the last five seconds of data. When 
the display is animated, this produces an effect 
akin to motion blurring. These animated displays 
are often useful in establishing a clear connection 
to the video data. However, the 3D visualizations 
are often easiest to interpret when the playback is 
paused and the user navigates around the scene 
with mouse-based camera controls.

We use two visual strategies to link the two tool 
path traces, helping us to understand how mo-
tion is coordinated between the two hands. First, 
a series of bands around each ribbon function as 
tick marks indicating the passage of time. Second, 
glyphs denote discrete events, such as discontinui-
ties in the derivative of force data, which tend to 
correspond to grabbing or releasing a block. We 
found that including these discrete markers on 
both tool traces dramatically improves the viewer’s 
ability to understand how one tool’s motion relates 
to the other’s motion spatially and temporally.

Scalability and the Need for  
Good Data Models
Another challenge arising in this interdisciplinary 
work is planning for successful scaling as dataset 
size and complexity increase.5 When we’re visual-
izing only a few tasks, understanding what we’re 
seeing and what data it comes from is relatively 
easy. However, as more data are gathered, derived, 
and aggregated, datasets become more voluminous 
and varied. Managing results, insights, and the 
processes used to get them becomes a struggle; we 
need a consistent, consensus vocabulary. We took 
a two-pronged approach to this.

First, following John Carlis and Joseph Maguire’s 
notation and disciplined naming methodology,6 
we jointly built our data model. Figure 5 shows a 
portion of that model, which represents the raw 
surgical data as follows: a subject has trials, a trial 
has a sequence of frames, and a frame has handed 
instruments, each of which has position and force 
data.

Because we’re interested in analyzing how 
position, force, and other variables change over 
time, we included derived data:

 ■ an earlier-frame–later-frame–distance triple, in 
which a distance of 1 between frames means 
the frames are adjacent and other distances con-
note a sampling;

 ■ an abutting pair of those triples; and

(a)

(b)

Figure 3. Video overlays show the grip force for each 
hand for (a) an expert and (b) a novice surgeon. In 
both cases, the display is animated and synchronized 
with video playback. The large bars on each side of 
the window indicate the current forces; the history 
of change in forces is plotted as an animated graph 
extending off the screen from each bar. The high 
force visible in Figure 3b relative to Figure 3a is 
indicative of a difference observed between the 
novice and expert.
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 ■ possibly, depending on the context, a contiguous 
clip bounded by beginning and ending frames.

For the triple, we can calculate the position 
and force differences and the differences of the 
differences of one hand. For the abutting pair, 
we can calculate the relationships between the 
hands. A user could define a clip directly or by 
looking at analyses for peaks, troughs, or trends 
of activity, and then remembering the clips be-
tween or around them, perhaps with an enclos-
ing context.

Second, we employ database management sys-
tem (DBMS) software to manage the data. Where 
possible, we shift the burden of calculating the 
derived data and managing the results onto the 
DBMS. We mapped the data model of Figure 5 
to a relational schema, loaded the surgery data, 
wrote simple DBMS command scripts to calculate 
the derived data, and visualized the data. We’ve 
already seen the benefits of this part of our ap-
proach. With the beginnings of a lexicon in hand, 
we tested ideas on extracted data subsets and read-
ily scaled up to more comprehensive datasets.

Grasp force Speed Time Tool orientation∆ Grasp force

Low High Fast Slow Recent OldGap Release

(a) (b)

Figure 4. Visualizations of two peg-transfer trials. (a) The expert is moving relatively quickly and decisively. He 
or she set down a block on the left of the screen, picked one up from the middle, and transferred it between 
tools in the middle of the screen. (b) The novice is having trouble judging depth. The ground plane shows 
the location of the block that the novice was trying to pick up; the purple spheres show where he or she 
eventually picked it up.
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Figure 5. An extensible data model for surgical performance data mapped to a relational schema in a database management 
system. By clearly separating the storage of derived data from the pristine data while still keeping the association between 
these data clear, this model allows for easy, rapid, repeatable exploration of the surgical data.
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This approach also supports an iterative, explor-
atory process. Early on, we noticed the regularity 
of the 12 transfers by an expert in contrast to a 
novice’s irregularity. To explore this difference, we 
computed the frame-to-frame force difference for 
each trial. The resulting derived data provide an 
initial means of defining clips via a simple force 
difference threshold. Our visualizations employ 
these derived data; for example, in Figure 4, the 
discrete grabs and releases denoted by the spheres 
are placed at clip boundaries defined via the DBMS 
command scripts.

Use Case Studies
To assess the system’s utility and potential impact, 
we conducted data analysis sessions with expert 
practicing surgeons and the engineers embedded in 
their teams to develop new surgical training tools. 
We evaluated two groups, one from each of the two 
institutions collaborating on our long-term project. 
Each group included one senior surgeon leader and 
two engineers. Both senior surgeons had a back-
ground in urologic surgery, including minimally in-
vasive techniques. One of the groups included a sec-
ond surgical fellow with similar areas of expertise.

Our approach included structured, preselected 
data analysis and interactive-visualization tasks 
as well as opportunities for free-form exploration, 
discussion, and other qualitative feedback. Before 
each session, together with the collaborators, we 
brainstormed a set of data analysis questions, 
including several that are challenging or impossible 
to answer using current tools. Two of the most 
important questions were these:

 ■ How does the use of force change between more 
and less experienced surgeons?

 ■ When the user approaches a target, does the ve-
locity indicate any skill-based patterns?

These and other questions provided structure and 
a relevant “real-world” context for the use-based 
evaluations.

During each data analysis session, which lasted 
one to two hours, we began with a 10- to 15-minute 
explanation of the system. We then presented an 
example analysis of the use of force, which we 
introduced by using the brushing interface to select 
data subsets. We then addressed velocity patterns. 
Finally, depending on the surgeons’ interests, we 
addressed other questions we had brainstormed 
previously or analyzed new hypotheses generated 
during the session. As the surgeons used the 
system, we gathered qualitative data via a think-
aloud protocol.

User Feedback and Assessment of Potential Impact
Feedback on the system was consistent between 
the two groups of surgeons. The clear high-level re-
sponse was that the system is a drastic improvement 
over current practice. One surgeon commented, 
“This makes objective assessment of surgical skills 
so much easier than going through the video.”

Similarly, both groups emphasized that the abil-
ity to quickly filter through data and create (even 
traditional 2D) plots is a drastic departure from 
current analyses that use programs such as Mat-
lab or Excel. With the new system, the analysis 
was immediate. A surgeon remarked, “The beauty 
is that I know what I want on the left and I [can 
go directly from these 2D plots to the linked 
video] on the right.” So, we believe one critical 
advance in this system is the ability to link video 
data with interactive 2D and 3D plots, which en-
ables a rapid style of data navigation that wasn’t 
previously possible.

Discoveries Made and Trends Confirmed
One interesting discovery enabled by this system is 
sympathetic grasp-release. When a surgeon applies 
force to one tool (such as in picking up a block), 
the force applied to the tool controlled by the 
other hand often decreases slightly, even though 
at that moment the second tool isn’t performing 
any task (see Figure 6). Neither group of surgeons 
had heard of such a pattern. However, once we 
discovered it, within minutes we found more than 
10 instances of it in the dataset.

This led to a series of follow-on questions and 
hypotheses:

 ■ Does this pattern correlate with reported skill 
level?

 ■ When might this be useful in surgery? (One 
surgeon suggested that releasing pressure at one 
location on a tissue while grabbing another loca-
tion might sometimes decrease the possibility of 
damage to the tissue.)

 ■ When might this be detrimental? (One surgeon 
suggested that while cutting with one hand, 
it might be important to maintain a constant 
grasp force with the other to hold the tissue taut 
to make a controlled cut.)

 ■ Does the same pattern appear in data for other 
tasks and in more realistic surgical situations? 
(Both groups wondered whether the pattern 
would apply in suturing and other tasks.)

This result demonstrates that the system can 
elicit valuable new insights. It also provides evidence 
that surgeons can relate patterns elucidated by 
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the visualization with their own deep domain 
knowledge to generate new hypotheses—one of the 
most important goals of exploratory visualization. 
In this case, we first noticed sympathetic grasp-
release while using 2D force-over-time plots 
together with a linked augmented video to look at 
individual transfer events. Through the video, we 
observed that the force plot for one hand varied 
when the other hand was picking up the block. 
Now that we know what to look for, we’re confident 
we can find this pattern through more traditional 
data analyses. However, without the coordinated 
linked data displays, we doubt we would have ever 
discovered it.

We also identified an initial spike in force when 
a user first grabs a peg, followed by a decrease to 
a more constant force. We noticed this pattern 
while developing the video overlays and assumed 
that it was representative of bad practice. However, 
during the use case studies, the surgeons in one 
group provided a different interpretation: this 
pattern could reflect an experienced surgeon 
practicing “respect for tissue” (that is, the surgeon 
quickly reduces the applied force after making a 
successful grab).

A well-known problem involves moving a 
surgical tool beyond the intended target; we found 
that our visualization system can provide an 
understanding of that situation as well. The depth 
dimension is typically the most difficult to align, 
and the 3D visualizations provide surgeons with 
new virtual viewpoints (for example, a top-down 
view) to understand 3D tool path data.

Feedback on Specific Visualization Features
The 3D multivariate visualization features are the 
system’s most experimental visual aspect. To make 
these displays easier to understand, the system 
includes a simplified 3D tool trace visualization 

(see Figure 7). These 3D views provide useful 
camera angles for understanding 3D tool paths.

Beyond the simplified views, feedback on the 
glyph-based multivariate visualization focused 
on new applications for this type of display. 
Both groups of surgeons recognized that all the 
information collected appears in these 3D views 
and that you could potentially adjust the mappings 
from data to form according to importance. 
One surgeon suggested using this display for 
goal-oriented training, which assigns a readily 
understandable visual task, such as “reduce the red 
areas,” to a surgeon. To achieve this goal, he or she 
then would use the multivariate visualization to 
learn to adjust force, speed, or some other variable.

The smart brushing interface for selecting 
subsets of data and then calling up new data plots 
and videos for that subset is one of the system’s 
most important features. All the surgeons said 
this was an improvement over current methods 
of examining data. However, surgeons want this 

Figure 7. A simplified 3D tool trace visualization. 
These 3D views provide useful camera angles for 
understanding 3D tool paths.

Figure 6. Sympathetic grasp-release. When the left tool grabs the block to pick it up from the peg board, the force on the right 
tool momentarily decreases. In each 2D plot, the orange circle corresponds to the current video frame, and the highlight shows 
the past few seconds of data. The large drop in the left plot is the grasp; the small dip in the right plot is the release.
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type of selection to work as naturally as possible. 
One surgeon wanted to be able to say, “I want 12 
transfers,” or perhaps even, “I want the six left-
to-right transfers for this participant.” Although 
selecting transfers such as these using the current 
interface is possible, there’s room to improve the 
interface to make it more natural for a surgeon’s 
mindset, as opposed to, say, an engineer’s. This is 
an exciting direction for user interface research.

Feedback Related to Iterative System Design
We significantly revised several aspects of the 
system’s design on the basis of collaborative 
iterative design. During the use case studies, we 
confirmed the improvement in these features.

We refined the 3D visualization to include a 
pegboard image, which establishes a spatial con-
text for the data. We simplified shadows to serve 
as only spatial cues rather than to encode data. We 
also refined the glyphs representing grab and re-
lease events to more concisely convey these events.

The 2D video overlays are the most immediately 
understandable views in the system. So, we’re 
motivated to make them even more useful and 
to explore their potential use in follow-on sys-
tems designed for real-time formative feedback. 
For example, one group’s surgeons and engineers 
thought the tinting was undesirable—in operating 
environments, the surgeon’s visual channel is al-
ready nearly saturated, so feedback via that modal-
ity likely isn’t desirable. The groups suggested that 
audio feedback could be a more promising avenue 
for future applications to real-time visualization 
for training.

Our research has focused on improving surgical 
training and assessment through a more 

robust, data-intensive approach to analyzing high-
resolution surgical performance data. We know 
from our collaborators that “a good surgeon knows 
when to go slow and when to go fast.” We also know 
that an expert surgeon can often identify through 
video whether an expert or novice is performing a 
surgery. However, two expert surgeons will often 
approach the same task differently; it’s not clear 
what quantitative, objective, data-driven metrics 
can best be used to assess skill or to improve 
surgical training. On the basis of our experiences 
with our system, we believe visualizations in this 
style can be catalysts for enabling new discoveries 
with quantitative surgical data, new forms of 
communication between surgeons, and ultimately 
a new paradigm of data-driven surgical training 
and assessment. 
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