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1. Abstract 

Background: Robot-assisted surgery is widely adopted in many procedures, but has not yet 

realized its full potential. Based on human motor control theories, we hypothesize that the 

dynamics of the master manipulators impose challenges on the motor system of the user, and 

may impair performance and slow down learning. While studies have shown that robotic 

outcomes are correlated with the case experience of the surgeon, the relative contribution of 

cognitive versus motor skill is unknown. Here, we quantify the effects of da Vinci Si master 

manipulator dynamics on movements of novice users and experienced surgeons, and suggest 

possible implications for training and robot design. 

Methods: Six experienced robotic surgeons and ten novice nonmedical users performed 

movements under two conditions: (1) teleoperation of a da Vinci Si Surgical System, and (2) 

freehand. A linear mixed model was applied to nine kinematic metrics (including endpoint error, 

movement time, peak speed, initial jerk, and deviation from straight line) to assess effects of 

teleoperation and expertise. T-tests between first and last movements of each type were used to 

assess learning effects.  

Results: All users moved slower during teleoperation than during freehand (F1,9343=345, 

p<0.001). Experienced surgeons had smaller errors than novices (F1,14=36.8, p<0.001). The 

straightness of movements depended on their direction (F7,9343=117, p<0.001). Learning effects 

were observed in all conditions. Novice users first learned the task and then the dynamics of the 

manipulator. 

Conclusions: We found differences between novices and experienced surgeons for extremely 

simple point-to-point movements. We demonstrated that manipulator dynamics affect user 



movements, suggesting that these dynamics could be improved in future robot designs. We 

showed the partial adaptation of novice users to the dynamics. Future studies are needed to 

evaluate whether it will be beneficial to include early training sessions that are dedicated to 

learning the dynamics of the manipulator.  

 

2. Introduction  

 

Robot-assisted minimally invasive surgery is becoming widely adopted in many 

procedures [1, 2]. It offers the surgeon improved vision, dexterity, and control of surgical 

instruments when compared to standard minimally invasive surgery [3, 4]. At the same time, the 

patient may benefit from reduced recovery time and blood loss when compared to open surgery 

[5]. Moreover, robotics may offer capabilities not possible otherwise, such as remote telesurgery 

[6]. However, robotics has not yet realized its full potential in terms of patient outcomes [3]. We 

propose that careful examination of the movements of surgeons using robot-assisted surgical 

systems will yield strategies to improve training curricula, skill evaluation, and robot design.  

It is well documented that the outcomes of robotic procedures improve with increasing 

case experience of the surgeon [2, 7, 8]. The term learning curve is often used to describe this 

improvement, and is defined as the number of cases required to achieve technical competence 

[7]. However, the specific components that comprise this technical competence are not clearly 

defined [9], and may vary among specialties and procedures. Training of new surgeons is largely 

based on the apprenticeship model, and lacks data-driven curricula and assessment [8]. Virtual 

reality simulators offer partial remedy to this problem, but their reliability and validity need 

further testing [8-10]. Surgical expertise includes cognitive as well as motor skills [11], but most 



training curricula use metrics that do not allow differentiation between these elements [12, 13]. 

Robotic systems facilitate collection of data about the trajectories of surgeons’ hands and 

instruments in a wide variety of procedures and settings [14, 15]. This information can be 

exploited to develop data-driven training curricula and improve skill assessment methods. 

The scientific discipline of human motor control has developed theoretical frameworks 

for modeling the coordination of movement and adaptation to novel conditions, interfaces, and 

tools [16]. Metrics grounded in these theories are promising tools for addressing current gaps in 

surgical training and skill assessment. For example, there are fundamental differences between 

the interfaces used in open, laparoscopic, and robot-assisted surgery. In open surgery, 

lightweight, rigid tools with simple dynamics are used, allowing natural dexterous movements. 

In standard laparoscopic surgery, the tools are lightweight and have simple dynamics, but the 

procedures involve complex and paradoxical movements in some directions due to the fulcrum 

effect, combined with regular movements in other directions. In robot-assisted surgery, the 

physical surgeon interface is a master manipulator with complex dynamics, but it allows natural 

dexterous movements. The laparoscopic and robot-assisted surgery tools may challenge the 

surgeon’s motor control system more than the open surgery tools, and techniques from the study 

of human motor control can be used to quantify the differences between these interfaces in their 

effect on the movements of surgeons.   

Movement and force trajectories have been previously used to quantify surgical 

performance, through high-level descriptions [17], stochastic models of movements [18, 19], and 

movement trajectories [20]. Several studies have suggested specific metrics for objective 

evaluation of psychomotor skills in robotic [21] and laparoscopic [22, 23] minimally invasive 

surgery in dry lab drills. These metrics include task completion time, path curvature, path length, 



workspace volume, average speed, average jerk (rate of change in acceleration), number of sub-

movements, and correlation between left and right hand movements. However, it is not clear 

whether these metrics reflect procedural competence, superior performance at the level of 

individual movements, or both. In addition, the effect of the physical dynamics of the tools on 

these metrics has not been explored.  

Our approach is unique in that we employ approaches from the field of human motor 

control to dissect the effects of robot master manipulators on very simple movements of novice 

and experienced robot operators. We hypothesize that the dynamics of the master manipulator – 

that is, the force-motion relationships arising from the robot’s mechanical structure – change the 

way users move, and that there is a difference between the movements of experienced surgeons 

and novice users. We also expect that the manipulator dynamics affect experienced surgeons and 

novices differently.  

The task in our experiment is moving a virtual cursor between targets. It is presented 

without surgical context, so our evaluation is isolated from procedural knowledge. Nevertheless, 

we focus on movements that are performed frequently in surgical cases. If such basic motor skill 

is affected by the properties of the robotic manipulator, and the effect is different between 

experienced surgeons and novices, this indicates that training methods may be improved through 

explicit consideration of human sensorimotor adaptation. In addition, robot designs could be 

optimized to minimize the required adaptation. 

 

2. Materials and methods 

Participants and Setup: 



Ten novice nonmedical users (without da Vinci experience) and six experienced surgeons 

(five urologists, nrobotic cases>120, and one gynecologist, nrobotic cases>80, self reported) participated 

in the experiment, approved by the Stanford University Institutional Review Board, after giving 

informed consent. Users sat at the master console of a da Vinci Si surgical system (Fig. 1A), 

manufactured by Intuitive Surgical, Inc. (Sunnyvale, CA), at Lucile Salter Packard Children's 

Hospital at Stanford. Users held a light (50 g) custom-built grip fixture (Fig. 1B) equipped with a 

force sensor (Nano-17, ATI Industrial Automation, Apex, NC) and magnetic pose tracker 

(TrakStar, Ascension Technologies, Milton, VT) in their right hand. The transmitter of the 

magnetic tracking system was placed on a bar in front of the user (Fig. 1E). This placement of 

the transmitter was chosen to minimize the magnetic interference from the metal parts of the da 

Vinci console. We ensured prior to the experiment that there were no metal components between 

the sensor and the transmitter, and tested the integrity of the recorded signal using the Ascension 

Technologies proprietary software.  

Users performed the experiment under two conditions, in two consecutive sessions: (1) 

teleoperation, with the grip fixture attached to the master manipulator of a da Vinci Si surgical 

system, and (2) freehand, holding the grip fixture alone (Fig. 1C-D, and also the accompanying 

video, which demonstrates the experimental conditions). The order of the sessions was random 

but balanced within each expertise group. To assess the effect of the master manipulator on 

movement under both conditions, users were asked to make planar movements from a central 

starting point to a target as accurately and as quickly as possible, while looking at a virtual cursor 

and targets displayed on a monitor. The monitor was placed on the surgical table such that users 

could see the cursor and targets via the endoscopic camera (Fig. 1F-G). In the teleoperation 

condition, the master manipulator controlled the movement of the patient-side manipulator, but 



the tools were moved outside of the camera view. This ensured consistent visual feedback in 

both conditions.  

Participants performed movements of two types: reach and reversal. These movements 

are well studied in human motor neuroscience, prominent in many surgical procedures, and 

incorporated in the Peg Board task of the Fundamentals in Laparoscopic Surgery [24]. Reach is a 

movement between two points that is characterized by a straight path and bell-shaped velocity 

trajectory [25], as depicted in Fig. 2A. Reaches are performed during approach to tissue, when 

applying energy, and when passing a needle between tools. Reversal is an out-and-back 

movement, and can be modeled as a concatenation of two reaches in opposite directions with 

overlap [26], as depicted in Fig. 2B. Reversals are used during reach for tissues followed by 

retraction.  

Each session consisted of 320 movements – 10 blocks consisting of 32 possible targets of 

two types, eight directions (as labeled on the right panel of Fig. 3), and two distances from center 

(30 and 60 mm). The movements within each block were pseudo-randomly interleaved, in an 

order identical for all participants and for both sessions. Each trial started when the participant 

placed the cursor at start position; then a target was presented, and the participant moved the 

cursor to the target (reach) or out and back (reversal). The movement was completed when the 

cursor stopped within 5 mm of the target center in reaches, and when the cursor returned to 

within 5 mm from the start center in reversals. After completion of the movement, the participant 

received visual feedback on the screen about their movement time. “Too slow” was displayed if 

a reach took longer than 1 sec, or if a reversal took longer than 1.5 sec; otherwise, “Good” was 

displayed. 



Data Analysis: 

For each movement, we measured user hand position, then calculated velocity and 

acceleration throughout the movement trajectory. To obtain a consistent set of standard 

movements, we discarded all reaches longer than 2 sec, and reversals longer than 3 sec (8% of 

the movements). We identified points of interest in the trajectories (Fig. 2), and calculated nine 

different metrics.  

Task performance was quantified by endpoint error (EE) – the distance between cursor 

position and the target position at first momentary stop – and movement time (MT). In 

accordance with Fitt’s law, slower movements are more accurate [27]; moreover, for surgical 

performance, it is important to move fast as well as accurately. Therefore, we also calculated the 

product of endpoint error and movement time (EE*MT).  

The magnitudes of peak speed (PS), acceleration (PA), and deceleration (PD), as well as 

the magnitude of initial jerk (IJ) (the rate of change of acceleration at the beginning of 

movement) are related to the effects of dynamics and smoothness of movement. We also 

calculated the maximum deviation (MD) from straight line between the start and target. It is well 

documented that people tend to move in straight paths [28], and when they encounter novel 

dynamics (e.g. a changed inertia or a viscous force field), they gradually adapt and restore 

straight paths by updating their internal representation of the environment [16]. Therefore, 

deviation from straight line reveals how well the user is adapted to the dynamics of the 

manipulator. 

The ratio of peak acceleration to peak deceleration (RA) quantifies the shape of the 

velocity trajectory, and for both movement types, it reveals different aspects of the smoothness 



of movement. For reaches, a value larger than 1 indicates smooth movement in which any 

necessary corrections were smoothly fused into the main movement, whereas a value of 1 

indicates that if a correction was needed it was issued separately from the main associated 

movement. For reversals, a value around 0.5 indicates that there was no momentary stop at the 

target; there was a single smooth movement, rather than concatenation of two discrete reaches 

(in the latter case, the value is closer to 1).  

Statistical Analysis: 

We fit a linear mixed effects model with the factors specified in Table 1. We report the 

main effects of teleoperation, experience, direction, and their first-order interactions. Where the 

interaction between teleoperation and experience was statistically significant, we performed post 

hoc comparisons between novices and experienced surgeons within each teleoperation condition, 

using Bonferroni correction for multiple comparisons. To assess adaptation effects, we 

performed t-tests between the data in the first and last blocks of the experiment.  

3. Results 

Effects of teleoperation and expertise: 

Example paths of one novice user and one experienced surgeon from the teleoperation 

condition (Fig. 3) reveal differences in path shape and endpoint error distribution. These 

differences are strongest in the ±90 degree directions, and attenuate as the session progresses 

(indicated by colors changing from blue to red). 

For all eight general metrics, there was a statistically significant effect of the 

teleoperation condition (see Table 2 for statistical summary, Table 3 for effect size summary, 



and Fig. 4 right panels). During teleoperation, the movements were more accurate and slower, 

with smaller peak speed, acceleration, deceleration, and jerk, and less deviation from a straight 

line than freehand. The overall performance, EE*MT, was worse in the teleoperated movements 

than freehand.  

Experienced surgeons were statistically significantly better than novices in all accuracy-

related metrics (EE, EE*MT, and MD). Among the other metrics, there was a statistically 

significant interaction between teleoperation and experience, and the difference between 

experienced surgeons and novices was always statistically significant and larger in the 

teleoperation than freehand condition. When teleoperating, experienced surgeons moved faster 

than novices, with higher accelerations, decelerations, and jerk, but without sacrificing accuracy 

(as evident by overlapping EE metric traces of the teleoperated and freehand movements of 

experienced surgeons in Figure 4A).  

The analysis of the RA metric was performed separately for reach and reversal 

movements. The teleoperated reach velocity profiles of the experienced surgeons were least 

symmetric, indicating that they moved smoothly and such that when their hand comes to a stop, 

it is within target tolerance without additional corrections, especially during teleoperation. Such a 

strategy is particularly beneficial in a surgical context, where the cost of making initial errors is 

potentially high in terms of patient outcomes. Similarly, the RA of teleoperated reversal 

movements of experienced surgeons was smallest, indicating smoother movements.  

The effects of direction, and its interactions with teleoperation and experience, were 

statistically significant in all metrics. For experienced surgeons and novices, the movement time, 

peak speed, acceleration, and initial jerk varied less as a function of direction in the teleoperation 



condition than in freehand (Fig. 4 B, D, E). Interestingly, for the EE and EE*MT metrics, the 

largest difference between experienced surgeons and novices was in directions between 45 and 

180 degrees, and the EE of the experienced surgeons in these directions was within the 5 mm 

task performance tolerance. These are also the directions in which the reach velocity was least 

symmetric (highest RA). These directions are highlighted in Figs. 3 and 4, and correspond to 

“forward reaching” movements of the right hand that are prominent during surgery.  

Adaptation effects: 

As the experiment progressed, all participants improved their performance in all error and 

performance-related metrics (EE, MT, EE*MT, and MD), but not in movement smoothness-

related metrics (see Fig. 5 and Table 4). While the MD learning curves (Fig. 5C) were similar 

across all four combinations of experience and teleoperation conditions, the EE and EE*MT 

adaptations reveal additional interesting findings. In all four groups, there was a reduction of 

error in the first three blocks (amounting to ~100 movements) followed by stabilization. 

However, only the novice teleoperation group showed additional reduction of error starting from 

the seventh movement block.  

This difference between the novices in teleoperation condition and the rest is further 

highlighted in a separate analysis of the first and second sessions of each participant (Table 5 and 

Fig. 6). In the first session, all groups show similar improvement in performance, likely related 

to familiarization with the task, over about 4 movement blocks. However, in the second session, 

the only group that continued improving, without reaching a plateau, was the teleoperating 

novice group. 

4. Discussion 



Using metrics based on theories of human motor control, we found significant differences 

between teleoperated and freehand movements. Interestingly, even though the tested movements 

were very simple, we also found pronounced differences between experienced surgeons and 

novices. Often, the discrepancies between experienced surgeons and novices were stronger in 

teleoperated than freehand movements. Thus, robotics expertise is apparent not only in cognitive 

(procedural) aspects or automation of complex motor tasks [29], but also in the basic kinematics 

of movement. 

The performance of experienced surgeons was better than of novices, even in the 

freehand condition. Two possible interpretations are that surgeons have better motor skills than 

the general population, or they perform better due to familiarity with the surgeon console, 

regardless of teleoperation condition. If the first interpretation is correct, it may be possible to 

screen surgical residency candidates and assess trainees for surgically relevant motor skills using 

drills similar to the ones we explored here [29]. In future studies, it would be interesting to test 

participants with intermediate levels of surgical expertise, such as early trainees, or surgical 

fellows, and determine whether early trainees would have skills that are similar to experienced 

surgeons in our task.  If the second interpretation is correct, detailed studies are needed to 

determine which factors most contribute to improved performance of experienced surgeons over 

that of novices. It is possible that the experienced robotic surgeons, unlike the novices who 

interacted with the system for the first time, are better able to optimize their general motor 

performance because of familiarity with the ergonomic settings. In addition, novices may have 

degraded performance because they experience anxiety when using an expensive robotic surgical 

system for the first time. Our simple drills can be also used for understanding the impact of 

trainee fatigue on surgical motor performance and skill acquisition [30]. This could facilitate 



data-driven residency work hour reform. Conversely, these types of drills could be performed 

“offline” at simulation centers to enable residents to comply with work hour limitations, and yet 

learn efficiently [31]. 

Tool movement analysis is often used for objective evaluation of surgical skill in 

laparoscopic and robot-assisted minimally invasive surgery. In many of cases, performance is 

evaluated using dry lab tasks that have surgically-relevant procedural components, including 

threading needles through holes, cutting shapes from a piece of cloth, and running or stretching 

rubber bands. In other cases, equivalent simulator tasks are used. Common metrics are task 

completion time, path curvature, path length, workspace volume, average speed, average jerk 

(rate of change in acceleration), number of sub-movements, and correlation between left and 

right hand movements. The metrics that we tested in our studies are related to some of these 

metrics, but in our study, these metrics are calculated in simple movements outside of a surgical 

context. This suggests that at least part of the differences between experienced and novice 

surgeons when performing surgically relevant maneuvers might be related to basic motor skill. 

For example, movement time of individual reaches might contribute to overall task completion 

time [21-23]. Larger numbers of sub-movements in novices [23] could be related to limited 

procedural knowledge and lack of confidence, but based on our current observations, could be 

also related to corrective movements within individual reaches. In apparent contradiction to 

previous studies [22, 32], we found that the jerk of the movements of experienced surgeons was 

higher than of novices. However, our metric reflects the initial jerk, and is not normalized with 

movement time. Therefore, in our study, larger jerk is correlated with a faster movement, and not 

with less smooth movement. Instead, the metric that reflects smoothness in our study is RA, and 

according to this metric, the movements of experienced surgeons were smoother than of novices. 



In addition, in a recent study [23] smaller average jerk was shown in movements of novices, 

suggesting that the outcome of this metric might be task-specific.   

The differences between freehand and teleoperated movements suggest that the dynamics 

of the manipulator play an important role in altering the kinematics of movement during robotic 

surgery. The inertia and damping of the robot master attenuate abrupt changes in movement, 

resulting in slower and smoother teleoperated movements. The directionality of the effects in all 

metrics is likely related to the nonlinearity and anisotropy of the manipulator dynamics. 

Computational modeling of the inertial effects (which is beyond of the scope of this paper) could 

be used to predict the effects of teleoperation on performance of more complex and clinically 

relevant movements like needle driving or suturing. Such modeling could be used to optimize the 

design of future generations of robotic surgery systems. For example, to make the movements 

more consistent across directions, the inertial effects of the da Vinci manipulator could be 

compensated by means of control [33]. 

Importantly, the differences between novices and experts were more pronounced in 

teleoperated movements. This is likely because experienced surgeons have formed an internal 

representation of teleoperator dynamics [16, 34]. Consistent with previous findings [32], this 

internal representation is better, movement variability is reduced, and smoothness is improved in 

directions that are frequently used, as evidenced by improved performance and smoother 

velocity trajectories in forward movements. This interpretation is supported by the comparison of 

the EE and EE*MT learning curves of the teleoperating novices group to the groups of freehand 

novices and experienced surgeons in both teleoperation conditions (Fig. 5 and 6). Teleoperating 

novices were the only group that showed evidence for two learning processes. The first reduction 

of error is related to learning a task that was novel to all participants, and happened only in the 



first session. The second reduction of error is likely related to learning of the manipulator 

dynamics, and is supported by the observation that the only group who improved in the second 

session was the novices in the teleoperation condition.  

Many studies in the neuroscience literature have explored how the human motor system 

adapts in the face of altered kinematics (e.g. cursor movement rotation and scaling) [35] or 

dynamics (e.g. force fields that are applied using robotic devices or change in hand weight) [36-

39]. Both of these aspects are relevant to robot-assisted surgery. Altered kinematics are relevant 

for adaptation to the different teleoperation scaling modes, and to coping with the effects of 

changing the orientation of the endoscopic camera. Altered dynamics are relevant to learning the 

dynamics of the master manipulator.  Studies suggest that adaptation to novel tools changes 

neural representation in the cerebellum [40], and is incorporated in the “body schema” 

(representation of the position of the body in space) in the somatosensory cortex [41]. These 

changes alter interpretation of sensory information, and affect the kinematics of subsequent 

movements, even if the specific movement was not trained with the tool in question [42]. A 

recent computational study suggested that after the motor system has adapted to manipulating a 

novel object, the movement of the center of mass of the arm of the user and the object is 

optimized rather than the movement of the hand of the user [43].  

Our results suggest that internal representation of the dynamics of the master manipulator 

is one of the skills that novice surgeons need to acquire during their training. Given the evidence 

from neuroscience about the importance of such representations in the control of movement, it 

could be beneficial during training to include targeted sessions of simple movements that focus 

on these aspects of robotic surgical skills. For example, using sequences of reach and/or reversal 

movements similar to those that we have studied here may be more useful than completing an 



entire battery of da Vinci Skill Simulator drills. Studies about virtual reality simulators suggest 

that even low-fidelity simulator training has significant contribution to skill acquisition [44]. It 

might be that this contribution is related to adapting to the dynamics and kinematic constraints of 

the tools, but further study would be needed to test this experimentally. Training with simple 

movements may be particularly useful for novices, who could benefit from learning the 

fundamental dynamics of the robot prior to more advanced training. This view is consistent with 

the findings that fidelity is less important in early training [8], as evident by similar improvement 

following training with simple bench models compared to use of high fidelity systems [45], 

cadavers [46], and live animals [47]. However, these improvements might be related to proper 

didactics and not only to motor skill acquisition. For intermediate trainees, more clinically 

relevant, complex movements may be more useful for their continued development.  

Would decomposition of the overall skill acquisition into learning the dynamics of the 

manipulator and learning the procedural movement sequences benefit trainees? Our results do 

not provide an immediate answer to this question, as transfer validity studies would be needed. 

However, recent studies about human motor control suggest that the answer might be positive.  

A study of a different kind of breaking down of complex movement during learning showed that 

it did benefit trainees, but the benefit depended on a specific nature of decomposition – in their 

case, anatomical decomposition promoted learning [48]. Recent theories in the neural 

organization of learning suggest that during the learning of a new motor sequence, several 

distinct processes are happening in parallel in different brain areas [49]. The cerebellar-cortical 

loops are responsible for acquisition of internal models that provide the motor system with 

prediction of the sensory consequences of motor commands, and optimizing motor control 

parameters. This is the process that is important for adaptation to the dynamics of the master 



manipulator, and may contribute to optimizing individual simple movements like the ones we 

studied here. The striatal-cortical loops are responsible for the association between the different 

components of the motor sequence, and contribute to the explicit spatial-sequential order of 

movements. They may be important for learning the procedural component of the different 

surgical maneuvers, which was not tested in our study.  It has been suggested that the former 

process is slower than the latter [49]; this leads us to hypothesize that giving the motor system of 

a novice user a “head-start” on learning the dynamics of the manipulator by practicing simple 

movements first might be beneficial to trainees. Future studies are needed to determine whether 

indeed inclusion of drills that separate the different components of skill acquisition improves the 

efficiency of training. In addition, it will be important to define how to best transition trainees to 

integrated cognitive and motor skill learning as they advance along the learning curve for robot-

assisted surgery. 

If indeed such targeted sequences of reach and reversals will be incorporated in robotic 

surgery curricula, the exact training protocols should be constructed based on theories about 

motor adaptation. For example, Krakauer at al. [35] found that cursor scaling adaptation 

generalizes well across movement directions and distances, and therefore, the important factor in 

adapting to a change of teleoperation scaling is the total number of movements performed in the 

new scaling. However, adaptation to rotation is specific to direction, so in the case of adaptation 

to camera rotation, it is important to design the training such that many movement directions are 

visited. In addition, adaptation to novel dynamics [39] is generalized differently across different 

areas of the workspace when compared to visuomotor rotation or scaling [35], and this could 

guide the choice of where in the workspace should different parts of training happen. However, 

this aspect may be of less importance if clutching is used properly. We provided here just a few 



examples of findings that have relatively straightforward implications for potential training drills, 

but even these would require further study to test their applicability to surgical training. If these 

are proven successful, this will open a new avenue of research that will combine the disciplines 

of surgical training and human motor control and learning, and may influence both.  

The suggestion that experienced surgeons have an internal representation of manipulator 

dynamics could explain the observation of Lendvay et al. [20] that experienced surgeons 

benefited from preoperative warm-up more than novice surgeons. Certainly, surgeons often 

mentally rehearse operations, which is an abstract form of preoperative warm-up. This can 

encompass visualization of individual patient anatomy, procedural steps, and even imagery of 

specific movements [50]. Elite athletes not only engage in this form of visualization, but also 

perform physical warm-ups prior to competitions and even practices. The value of specific forms 

of physical warm-ups prior to surgery remains to be established. For example, in our study, the 

improvement in performance metrics plateaued for novices and experts, albeit more rapidly for 

the experts. This plateau may represent the threshold at which further preoperative physical 

warm-up may no longer be useful. 

Another aspect of the learning curve for robot-assisted surgery is the ability to efficiently 

switch between freehand and teleoperated movements. This skill set is important because all 

robot-assisted procedures begin and end with numerous freehand movements, such as making 

incisions for ports and their placement as well as port site closure. Furthermore, a trainee who is 

performing bedside assistance may switch back and forth between freehand movements at the 

bedside and teleoperation while sitting at the surgeon’s console. In addition, this is a key skill set 

for conversion from robot-assisted to laparoscopic or open surgery. In the framework of human 

motor control, this amounts to the ability to successfully toggle between the internal 



representation of movement dynamics with and without the robot [34]. A relative inability to do 

so would lead to inefficient surgery. Our study design included only one such transition between 

the freehand and teleoperated sessions, precluding detailed assessment of the performance 

following such transitions. In addition, while the freehand movements in our study where the 

ideal control for understanding the effect of manipulator dynamics, they do not necessary reflect 

user movements during open or laparoscopic surgery. 

Further quantitative exploration and modeling of the movements of surgeons combined 

with theories of motor coordination and learning could lead to the development of improved 

training curricula, optimization of robot design, and the development of novel controllers that 

will expand the current capabilities of robotic surgery.  
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Figures: 

 

Figure 1: Experimental setup. A. Seated subject in front of a master console of a da Vinci Si 

surgical system equipped with magnetic pose trackers, force sensor, and a monitor placed at the 

surgical table. B. Custom designed grip fixture with embedded for sensor (Nano-17, ATI 

Industrial Automation), labeled ‘f’, and magnetic pose tracker (TrakStar, Ascension 

Technologies), labeled ‘t’. C. In teleoperation condition, participants held the fixture attached to 

the master manipulator of the system. D. In freehand condition, participants held the fixture 

alone, detached from the master manipulator. These were the only differences between the 

conditions. E. The arm of the user, with additional pose trackers attached to evaluate posture of 

A 

B C D 

E F 

G 



user (data not analyzed in the current study). The magnetic transmitter is positioned in front of 

the user, to maximize the quality of pose trackers signal. F. Experimental view schematic 

representation, including a start position, a target (only one target appears at each trial), and a 

cursor, representing the horizontal position of the pose tracker that is attached to the fixture. G. A 

monitor, placed on the surgical table presented the virtual reality scene from (F) to the user. The 

patient-side manipulators were outside of the camera field of view. In teleoperation condition, 

the master manipulator did control the movement of the (non-visible) patient-side manipulator, 

ensuring dynamics identical to standard clinical teleoperation. In freehand condition the user did 

not move any of the manipulators. 

 



 

Figure 2: Examples of typical movement trajectories and paths of a short reach (A) and a short 

reversal (B). The position, velocity, and acceleration trajectories were projected onto the 

direction of movement (the line between start and target).  
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Figure 3: The teleoperated paths and endpoints of long reaches of an expert and novice users. 

Colored traces are individual movements, color-coded as a function of successful movement 

repeat number to the particular target. Black traces and shaded patches are mean paths and SE. 

Black squares are identified endpoints, and black circles and ellipses are estimated mean 

endpoint and the SE ellipses, depicting the size as well as distribution of errors. Light orange 

shaded wedges highlight the directions of “forward” movement with right hand when the arm of 

the surgeon is positioned as in typical surgical posture. 
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Figure 4: Analysis of the effects of teleoperation, expertise, and direction of movement on 

movement metrics. (A)-(F) In left panels, the effect of teleoperation and expertise on the 

kinematic metrics of user movements as a function of movement direction is depicted, averaged 



across movement types, distances, and subjects. Symbols and lines are estimated means, and 

shaded areas around them are SE. The color indicates expert (red, n=6) and novice (green, n=10) 

participants. The light orange shaded region indicates the range of movement directions that 

corresponds to the shaded wedges in Fig. 3. In the right panels, these effects are depicted 

averaged across all directions. Markers are means, and error bars are SE. (G) and (H) show 

results of ratio between peak acceleration and deceleration, quantifying the symmetry of reach 

movements, and the quality of reversal movements,, for reaches and reversals, respectively.  

 

 

 

 

 

 

 

 

 

 

 



 

Figure 5: Learning curves, averaged across movement type, distance, and direction, as a function 

of block number, calculated separately for teleoperation condition and expertise groups. Markers 

and lines are estimates of the mean, and shaded areas around the lines are SE. Target and path 

error related metrics exhibited learning effects (A-C), while other metrics, such as peak 

acceleration (D), did not show learning at all. 
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Figure 6: Learning curves separated by sessions. Similar to Figure 5, but in the left panels (A, C), 

only the first session of each subject was analyzed, and in the right panels (B, D) only subjects’ 

second session was analyzed. In (A, B), endpoint error learning effects are depicted, and in (C, 

D), product of endpoint error and movement time learning effects are depicted. Note that for 

each subject, in each of the panels, the data is analyzed under different teleoperation conditions. 

The shape of the markers indicates this difference. 
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Table 1: Linear mixed model components 

df stands for degrees of freedom 

Factor Categorical / 

continuous 

Within / 

Between subjects 

df 

Fixed 

Main 

Teleoperation Categorical Within 1 

Experience Categorical Between 1 

Direction Categorical Within 7 

Distance Categorical Within 1 

Movement Type Categorical Within 1 

Interaction 

Teleoperation * Experience Categorical Within 1 

Teleoperation * Dir Categorical Within 7 

Experience * Dir Categorical Within 7 

Random 

Subject Categorical - 14 

Block Number * Subject Continuous - 14 

Log(Block Number) * Subject Continuous - 14 



Table 2: Linear mixed effects analysis results.  

Metric Effect Tele Exp Dir Tele*Exp Tele*Dir Exp*Dir 

df (1,9343) (1,14) (7,9343) (1,9343) (7,9343) (7,9343) 

Endpoint 

Error 

F 4.8 36.8 7.5 1.9 3.5 2.5 

p 0.03 <0.001 <0.001 0.16 <0.001 0.01 

Movement 

Time 

F 345.9 0.3 39.1 74.3 5.1 16.9 

p <0.001 0.59 <0.001 <0.001 <0.001 <0.001 

EE*MT F 18.2 37.7 12.4 2.9 2.8 3.2 

p <0.001 <0.001 <0.001 0.08 0.007 0.002 

Peak Speed F 755.3 0.004 79 43.4 8.5 44.5 

p <0.001 0.95 <0.001 <0.001 <0.001 <0.001 

Peak 

Acceleration 

F 1177 0.86 104.5 55.1 9.3 61 

p <0.001 0.37 <0.001 <0.001 <0.001 <0.001 

Peak 

Deceleration 

F 729 0.41 66.1 88.2 9.8 39.9 

p <0.001 0.53 <0.001 <0.001 <0.001 <0.001 

Initial Jerk F 426.2 0.002 73.5 31.3 7.5 41.2 

p <0.001 0.96 <0.001 <0.001 <0.001 <0.001 

Max 

Deviation 

F 11.8 8.1 111.7 1.7 7.6 7.2 

p <0.001 0.01 <0.001 0.2 <0.001 <0.001 

 df (1,dfd) (1, dfe) (7, dfd) (1, dfd) (7, dfd) (7, dfd) 

RA  

(Reaches) 

F 15.5 40 16 0.41 1.85 3.32 

p <0.001 0.001 <0.001 0.52 0.07 0.002 

RA 

(Reversals) 

F 2.56 0.26 8.74 21.81 1.47 4.26 

p 0.11 0.61 <0.001 <0.001 0.17 <0.001 

Statistical significance of Teleoperation (Tele), Experience (Exp), Direction (Dir), and their first 

order interactions. Bold are statistically significant factors at the p<0.05 threshold. RA stands for 

ratio between peak acceleration and peak deceleration. df stands for degrees of freedom. dfd 

=4548 dfexp=5 for reaches, and dfd =4728 dfexp = 18 for reversals. 
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Table 3: Teleoperation and expertise effect sizes. 

Metric Units Tele – Free Exp – Novice Tele Free 

Exp – Novice Exp – Novice 

Endpoint 

Error 

Δ [mm] -0.2 -1.5 - - 

% -3.6 -23.9 - - 

Movement 

Time 

Δ [s] 0.04 -0.02 -0.04 0.004 

% 7.7 -3 -6.3 0.8 

EE*MT Δ [mm*s] 0.2 -0.9 - - 

% 5.7 -27.6 - - 

Peak Speed Δ [mm/s] -20.6 1.5 6.7 -3.7 

% -10.3 0.8 3.8 -1.8 

Peak 

Acceleration 

Δ [mm/s2] -235 113 168 59 

% -17.1 9.4 15.8 4.4 

Peak 

Deceleration 

Δ [mm/s2] -283 112 210 14 

% -17.8 8 17.4 0.9 

Initial Jerk Δ [mm/s3] -740 97 317 -124 

% -27.2 4.2 17.443 -4.4 

Max 

Deviation 

Δ [mm] -0.17 -0.4 - - 

% -4.1 -9.1 - - 

RA  

(Reaches) 

Δ [nu] 0.02 0.06 - - 

% 2.2 5.7 - - 

RA 

(Reversals) 

Δ [nu] - - -0.04 0.01 

% - - -4.9 1.8 

Exp. stands for “experienced surgeon”. Bold are statistically significant contrasts after 

Bonferroni correction for multiple comparisons. When an interaction effect was not statistically 

significant, the differences within teleoperation conditions are not reported. When main effects 

were not statistically significant, the marginal means differences are not reported. nu stands for 
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are normalized units. Δ is the difference expressed in the units of the metric, and % is the 

difference expressed as percent of change. 
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Table 4: Learning effects – the difference between first and last movement blocks.  

 Experienced surgeon (n=6) Novice (n=10) 

 Tele (df = 301) Free (df = 321) Tele (df = 462) Free (df = 510) 

 Δ % p Δ % p Δ % p Δ % p 

Endpoint Error 

[mm] 

1.57 27 <0.001 1.8 31 <0.001 1.9 27 <0.001 1.2 17 0.003 

Movement Time 

[s] 

0.09 16 <0.001 0.05 8 0.02 0.04 8 <0.001 0.0

4 

6 0.01 

EE*MT [mm*s] 1.02 34 <0.001 1 34 <0.001 1.36 33 <0.001 0.7

6 

21 <0.001 

Peak Speed 

[mm/s] 

-‐12 -‐7 0.14 -‐9 -‐5 0.26 4 3 0.4 -‐6 -‐3 0.34 

Peak acceleration 

[mm/s2] 

-‐92 -‐8 0.25 -‐44 -‐3 0.53 -‐36 -‐4 0.33 -‐22 -‐2 0.7 

Peak deceleration 

[mm/s2] 

-‐49 -‐3 0.698 -‐180 -‐12 0.048 -‐73 -‐7 0.17 -‐

108 

-‐7 0.16 

Initial Jerk 

[mm/s3] 

252 11 0.4 390 14 0.17 -‐226 -‐15 0.1 124

7 

4 0.62 

Max deviation 

[mm] 

1.62 34 <0.001 1.3 28 <0.001 1.1 22 <0.001 1.4 26 <0.001 

Statistical significance was determined using t-test. Δ is the difference expressed in the units of 

the metric, and % is the difference expressed as percent of change.
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Table 5: Learning effects in error-related metrics analyzed separately by sessions.  

 

Se
ss

io
n 

Experienced surgeon (n=6) Novice (n=10) 

Tele  

(df session I = 139,  

df session II = 160 ) 

Free  

(df session I = 157, 

df session II = 162) 

Tele  

(df session I = 205, 

df session II = 255) 

Free (df = 250) 

(df session I = 250, 

df session II = 258) 

Δ % p Δ % p Δ % p Δ % p 

Endpoint 

Error [mm] 

I	   3.05 44 <0.001 2.77 40 <0.001 1.46 22 0.04 2.17 28 0.001 

II	   0.19 4 0.69 0.84 18 0.12 2.27 31 <0.001 0.343 5 0.52 

EE*MT 

[mm*s] 

I	   1.66 47 <0.001 1.66 48 <0.001 1.1 29 0.01 1.35 32 <0.001 

II	   0.42 17 0.09 0.36 15 0.19 1.6 37 <0.001 0.17 6 0.49 

Statistical significance was determined using t-test. Δ is the difference expressed in the units of 

the metric, and % is the difference expressed as percent of change. The shaded column highlights 

the Teleoperating Novices group – the only group that showed consistent improvement in the 

second session, likely indicating learning of the dynamics of the robot.  

	  

 




