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Abstract
Robot-assisted laparoscopic radical prostatectomy (RALP) relies heavily on the bedside assistant (BA). Currently, the 
relationship between BA experience and surgical outcomes in robotic surgery is not clear. We examined whether bedside 
assistant experience can significantly affect positive margin rate and peri-operative outcomes for RALP for surgeons within 
their learning curve. A retrospective cohort study of a single surgeon’s peri-operative outcomes during RALP was exam-
ined and compared with and without an experienced bedside assistant. Patient demographic data and peri-operative data, 
margin rate, and length of stay (LOS), were collected and analyzed. Univariate and multivariable analyses were performed 
to determine if expert BA was a predictor of post-operative outcomes. In total, 170 consecutive cases over three years were 
analyzed. 111 (65%) were performed without an expert BA. The two groups were not significantly different with regards 
patient demographics (p > 0.05). On univariate analysis, having an expert BA was associated with a significantly lower LOS 
(31 h ± 21 vs. 42 h ± 26, p = 0.004), EBL (296 ml ± 180 vs. 441 ml ± 305, p < 0.0001) and positive margin rate (20% vs. 
37%, p = 0.03). Other surgical outcomes were comparable between groups. On multivariable analysis, expert BA remained 
a predictor of, EBL (B stat = − 146, 95% CI − 240 to − 52, p = 0.003) and positive margin rate (OR 0.4, 95% CI 0.2–0.96, 
p = 0.04). Our results demonstrate that the use of an expert BA may result in improved patient outcomes early in the learning 
curve of RALP, most notably, positive margin rate and estimated blood loss.
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Introduction

Since its introduction in 2001, robot-assisted laparoscopic 
radical prostatectomy (RALP) has become the most common 
approach for surgical treatment of localized prostate cancer, 
with over 80% of radical prostatectomies in the United States 
performed using the robotic approach [1, 2]. Robotic surgery 
is unique when compared to open surgery in that the surgeon 
and assistant are physically separated: the surgeon is at the 
robotic console while the surgical assistant (often called the 
bedside assistant) remains sterile at the bedside. A skillful 

bedside assistant (BA) must be adept in laparoscopy, possess 
good visual spatial skills, and understand the anatomy and 
steps of the operation. In addition to simply passing suture, 
clips and exchanging instruments, the BA assistant can help 
retract tissue and suction blood, thus optimizing visualiza-
tion of the surgical field. In addition, due to the separation 
of the surgeon and bedside assistant, the operating surgeon 
cannot physically correct the bedside assistant, making the 
operating surgeon more reliant on the BA’s intuition and 
initiative to allow for rapid and fluid adjustments.

The relationship between increased surgical volume and 
improved outcomes has been well studied and reported in 
radical prostatectomy [3]. The improvement in outcomes 
that occurs with increased case volume has been termed 
the learning curve, or the time it takes to master a surgery. 
While the learning curve for RALP varies from surgeon 
to surgeon, it has been extensively reported and has been 
proposed to exist between 150 and 300 cases [3–5]. This 
is quite high considering that more than 80% of urologists 
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in the USA perform less than 10 prostatectomies per year. 
These urologists also account for approximately 40% of the 
total number of prostatectomies performed [6]. Therefore, 
for the majority of urologists, many years will be spent in 
their learning curve. Interestingly, the majority of studies 
have shown no benefit in terms of the quality/experience of 
the bedside assistant as they pertain to surgical outcomes [7, 
8], although a few showed an improvement in operative time 
[9, 10]. However, these studies examined surgeons who were 
well beyond their learning curve.

We sought to examine the relationship between bedside 
assistant experience and perioperative outcomes in patients 
who underwent RALP by a surgeon still in their learning 
curve, starting with the first case performed in clinical 
practice.

Methods

Participant selection

Approval was gained from the Veterans Affairs Hospital for 
a retrospective review of all RALPs performed by a sin-
gle surgeon from July 2013 to November 2015. The series 
began with the first RALP performed by the surgeon after 
fellowship and culminated after 3 years (2015). All RALP 
were completed in a trans-peritoneal posterior approach 
and had a bilateral lymph node dissection performed when 
clinically indicated. Patients were included if clinical staging 
patients were cT3b or less. The bedside assistants utilized at 
our institution were divided into two groups: a non-expert 
group which included resident trainees in their second and 
third years of training or physician assistants without formal 
laparoscopic or bedside assistant training. Expert assistants 
included physician assistants who had completed a formal 
training program (UTSW Urology PA residency) or cRNFAs 
from a contracted group who completed a formal hands-on 
and didactic bedside assistant program followed by a period 
of apprenticeship. The decision of when an expert BA was 
utilized for a case was based on the expert BA’s availability 
and not at the discretion of the operating surgeon. Expert 
BAs became more widely available in years 2014 and 2015.

Data collection

Patient demographic data, case number, date of surgery, 
body mass index (BMI), race and preoperative tumor char-
acteristics including preoperative PSA, prostate size and 
biopsy-grade group were collected.

Perioperative outcomes including estimated blood loss 
(EBL), length of stay in hours (LOS) and console time 
(defined as from the time the robot was docked to until it 
was undocked) were collected. Pathologic stage, grade group 

and positive margin status were also collected. The assign-
ment of bedside assistant to a case was dependent on the 
availability of assistants and not under the direct control of 
the operating surgeon.

Statistical analysis

The primary outcome was positive margin status. Secondary 
outcomes included console time, EBL and LOS. The cohort 
was stratified based on expert bedside assistant (yes/no) pre-
sent at case. Descriptive statistics were performed on patient 
demographic, pre-, peri- and post-operative variables. Com-
parisons between groups were made using Mann–Whitney 
U test, Analysis of variance (ANOVA), independent T test 
and chi-squared test were performed as appropriate. Multi-
variable regression analysis was performed for primary and 
secondary outcomes using case number (expressed as quar-
tiles), expert assistant, pre-operative PSA, prostate size, race, 
patient BMI, RP specimen grade group and final pathologi-
cal stage as predictors in the model. Logistic regression was 
used for binary outcomes (positive margin status) and linear 
regression for continuous variables (EBL, LOS and con-
sole time). Statistical analyses were performed using SPSS 
v.25 (IBM, NY, USA). The p value for significance was set 
to < 0.05. Tests were two-tailed unless otherwise stated.

Results

In total, 170 cases were performed during the study period, 
of which 111 (65%) were performed with a novice bedside 
assistant and 59 (35%) were performed with an expert bed-
side assistant. When stratified by expert bedside assistant, a 
greater percentage of surgeries performed in 2013 had non-
expert bedside assistants compared to expert assistants (20% 
vs. 8%, p = 0.007). Otherwise the two groups were similar 
with regard to BMI, race, pre-operative PSA, prostate size 
and TRUS biopsy-grade group (Table 1, p > 0.05 for all). 
The mean pre-operative PSA values were 10.4 (± 8.8) and 
10.6 (± 11.5) for non-expert and expert assistants, respec-
tively (p = 0.92). Mean prostate size was 44.9 g (± 21.2) 
and 43.5 g (± 22.0) for non-expert and expert assistants, 
respectively (p = 0.67). Grade group 2 was the most com-
mon biopsy pathology with 51/111 (46%) and 29/59 (50%) 
for non-expert and expert assistants, respectively (p = 0.96). 
All baseline demographics are reported in Table 1.

Univariate analysis of peri- and post-operative outcomes 
for RALP, stratified by expert group is reported in Table 2. 
Mean robotic console time was 226 (± 70.7) min and 210 
(± 46.8) min for non-expert and expert groups, respectively 
(p = 0.1). Surgeries that had an experienced assistant had 
significantly lower percentage of positive margins 12/59 
(20%) vs. 41/111 (37%) (p = 0.03), estimated blood loss 
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296 ml (± 180) vs. 441 ml (± 305) (p < 0.0001) and shorter 
length of stay 31 h (± 21) vs. 42 h (± 26) (p = 0.004). There 
were no significant differences in final ISUP-grade group 
(p = 0.87) or final tumor stage (p = 0.82) between expert and 
non-expert assistants (Table 2).

Results of the multivariate analysis predicting surgical 
outcomes are presented in Tables 3, 4, 5, 6. An expert assis-
tant was not a significant predictor of console time (Table 3). 
However, BMI and increasing case number were significant 
predictors of console time, with each 1 point increase in 
BMI being associated with almost 3 min more of console 
time (p = 0.002). Second, third and fourth quartile case num-
bers all had significantly shorter console times than cases 
completed in the first quartile (p < 0.0001 for all, Table 3). 
Surgeries performed with expert assistants had significantly 
less blood loss (B stat = − 146.3, 95% CI − 240.3, − 52.3, 
p = 0.003) compared to surgeries with non-expert assistants 
(Table 4). Case number was not a significant predictor of 

EBL (Table 4, p > 0.05 for all). Using an expert assistant was 
not a significant predictor of hospital LOS (B stat = − 5.2, 
95% CI − 12.7, 2.3, p = 0.2, Table 5). Increasing case num-
ber was significantly associated with decreased length of 
stay (p < 0.05 for all, Table 5).

The use of an expert assistant was a significant predictor 
of positive margin status (Table 6). The use of an expert 
assistant was associated with a 60% decrease in positive 
margin rates than when surgery was performed with a 
non-expert assistant (OR 0.4, 95% CI 0.2–0.96, p = 0.04, 
Table 6). PSA at diagnosis and prostate size were also sig-
nificant predictors of positive margin rate (Table 6). Increas-
ing surgeon case number was not associated with decreased 
positive margin rate.

Discussion

This study is the first to show that the bedside assistant’s 
level of experience can affect the oncologic and periopera-
tive outcomes for surgeons still in their learning for RALP. 
We found that using an expert assistant resulted in 60% 
decrease in positive margins (Table 6) and almost 150 ml 
less blood loss per case (Table 4) on multivariable analyses 
compared to using a non-expert bedside assistant. The impli-
cations for this are significant.

Table 1   Patient demographics and pre-operative variables in patients 
who underwent robot assisted laparoscopic radical prostatectomy 
from July 2013 to November 2014

Values are reported as mean values with standard deviations in brack-
ets () unless otherwise stated

Variable No expert Expert p value

Number 111 59
BMI 29.0 (4.7) 28.3 (4.7) 0.34
Race 0.97
 African American 49 (44%) 26 (44%)
 Caucasian 58 (53%) 31 (53%)
 Hispanic 3 (3%) 2 (3%)
 Missing (n) 1 0

Pre-op PSA 10.4 (8.8) 10.6 (11.5) 0.92
 Missing (n) 0 1

Prostate size (g) 44.9 (21.2) 43.5 (22.0) 0.67
 Missing (n) 2 0

TRUS biopsy 0.96
 Grade Group 1 14 (13%) 6 (10%)
 Grade Group 2 51 (46%) 29 (50%)
 Grade Group 3 24 (22%) 14 (24%)
 Grade Group 4 10 (9%) 4 (7%)
 Grade Group 5 11 (10%) 5 (9%)
 Missing (n) 1 1

Year of surgery 0.007*
 2013 22 (20%) 5 (8.0%)
 2014 67 (60%) 30 (51%)
 2015 22 (20%) 24 (41%)

Case number 0.001*
 First quartile 38 (34%) 5 (8%)
 Second quartile 35 (32%) 8 (14%)
 Third quartile 19 (17%) 25 (42%)
 Fourth quartile 19 (17%) 21 (36%)

Table 2   Peri- and post- operative outcomes for patients who under-
went robot assisted radical prostatectomy with either an experienced 
(n = 59) or inexperienced (n = 111) bedside assistant

Values are reported as mean values with standard deviations in brack-
ets () unless otherwise stated

Variable No expert Expert p value

Console time (min) 226 (70.7) 210 (46.8) 0.1
 Missing (n) 4 2

Blood loss (ml) 441 (305) 296 (180)  < 0.0001*
Length of stay (h) 42 (26) 31 (21) 0.004*
 Missing (n) 2 3

RP specimen 0.87
 Grade Group 1 9 (8%) 4 (7%)
 Grade Group 2 57 (51%) 35 (59%)
 Grade Group 3 23 (21%) 10 (17%)
 Grade Group 4 11 (10%) 6 (10%)
 Grade Group 5 11 (10%) 4 (7%)

RP pT stage 0.82
 pT2 80 (72%) 45 (76%)
 pT3a 19 (17%) 9 (15%)
 pT3b 12 (11%) 5 (9%)

Positive margin 0.03*
 No 70 (63%) 47 (80%)
 Yes 41 (37%) 12 (20%)
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Table 3   Multivariable linear 
regression analysis examining 
console time (minutes) for 
patients who underwent 
robotic-assisted laparoscopic 
radical prostatectomy with 
either an experienced (n = 59) or 
inexperienced (n = 111) bedside 
assistant

*Denotes statistical significance
**Predictors in the model included expert assistant, body mass index (BMI), race, prostate specific antigen 
(PSA) at time of diagnosis, prostate size (g), TRUS biopsy Grade Group and case number (expressed as 
quartiles)

Variable B stat Std error Lower 95 Upper 95 p value

Expert assistant 60.72 9.6 − 18.2 19.7 0.94
BMI 2.9 0.9 1.0 4.8 0.002*
Race
 Caucasian Reference
 African American 6.5 8.8 − 10.9 24.0 0.5
 Hispanic 55.7 27.0 2.3 109.1 0.04

PSA at diagnosis 0.15 0.5 − 0.8 1.1 0.8
Prostate size (g) 0.1 0.2 − 0.4 0.6 0.7
Biopsy Grade Group
 Grade Group 1 Reference
 Grade Group 2 25.8 13.0 0.04 51.5 0.05*
 Grade Group 3 18.5 14.7 − 10.4 47.5 0.2
 Grade Group 4 or 5 2.6 15.3 − 27.5 32.8 0.9

Case number
 First quartile Reference
 Second quartile − 81.2 11.9 − 104.7 − 57.7  < 0.0001*
 Third quartile − 62.0 12.4 − 86.4 − 37.5  < 0.0001*
 Fourth quartile − 60.8 12.6 − 85.8 − 35.9  < 0.0001*

Table 4   Multivariable linear 
regression analysis examining 
estimated blood loss (EBL) (in 
ml) for patients who underwent 
robotic-assisted laparoscopic 
radical prostatectomy with 
either an experienced (n = 59) or 
inexperienced (n = 111) bedside 
assistant

*Denotes statistical significance
**Predictors in the model included expert assistant, body mass index (BMI), race, prostate specific antigen 
(PSA) at time of diagnosis, prostate size (g), TRUS biopsy Grade Group and case number (expressed as 
quartiles)

Variable B stat Std error Lower 95 Upper 95 p value

Expert assistant − 146.3 47.6 − 240.3 − 52.3 0.003*
BMI 4.5 4.7 − 4.7 13.7 0.33
Race
 Caucasian Reference
 African American − 22.6 43.2 − 108.0 62.8 0.6
 Hispanic − 126.4 134.6 − 392.2 139.5 0.35

PSA at diagnosis 2.4 2.4 − 2.4 7.2 0.32
Prostate size (g) 0.09 1.0 − 1.9 2.1 0.93
TRUS biopsy Grade Group
 Grade Group 1 Reference
 Grade Group 2 − 15.1 64.9 − 143.4 113.1 0.82
 Grade Group 3 62.4 72.3 − 80.4 205.3 0.4
 Grade Group 4 or 5 − 107.9 76.0 − 258.0 42.3 0.16

Case number
 First quartile Reference
 Second quartile − 28.9 58.6 − 144.6 86.9 0.62
 Third quartile − 21.6 61.6 − 143.4 100.0 0.73
 Fourth quartile 30.9 62.6 − 92.7 154.5 0.62
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It has been well established that surgical margins after 
RALP are one of the biggest risk factors for recurrence and, 
therefore, may have significant downstream affects to the 
patient. Patients with positive margins are more likely to go 
on to radiation treatment, incurring further morbidity, possi-
ble secondary malignancies and lead to significant increases 
in cost [11]. Furthermore, salvage radiation can also lead to 
worsening erectile dysfunction and incontinence, negatively 
affecting the patient’s quality of life [11]. Given that major-
ity of practicing urologists perform 10 or less RALPs per 
year [1, 6, 12], most urologists remain in their learning curve 
for the first 10 years of practice, with some lower volume 
surgeons never moving beyond their learning curve. This 
number is not insignificant, representing thousands of urolo-
gists within the United States [13]. Therefore, these findings 
may be applicable to the majority of practicing urologists 
performing RALPs in the United States.

While the Da Vinci robotic system has allowed for 
improved visualization, motion scaling (fine motor move-
ments) and increased dexterity, robotic surgeons remain 
reliant on the bedside assistant to maintain an appropriate 
visual field during surgery. We hypothesize the expert assis-
tant contributed to the improved perioperative outcomes in 
3 important ways. First, because there is no tactile feedback, 
visual feedback is essential for robotic surgeons [14]. During 
radical prostatectomy, significant bleeding can occur that 
may obscure visualization of important structures, resulting 

in sub-optimal identification of tissue planes. The expert 
BA can optimize visualization, resulting in lower surgical 
margin rates. Second, the expert assistants likely provide 
more optimal retraction of tissue allowing for improved visu-
alization and dissection of correct tissue planes. As they are 
familiar with the steps of the procedure, they recognize the 
appropriate structures requiring visualization and can make 
appropriate adjustments [15]. Novice assistants, on the other 
hand, would not yet have acquired this knowledge, and may 
retract the wrong areas or retract with too little or too much 
force, resulting in sub-optimal visualization, bleeding and/
or injury to tissue. Third, the expert beside assistant may 
be able to offer advice and/or tips to the less experienced 
surgeon to help them through difficult or uncertain portions 
of the surgery. Thiel et al. [16] discussed the importance 
of bedside assistant’s performance on patient outcomes. 
Indeed, studies have reported complications directly caused 
by the BA, such as aortic injuries [17] and lost needles, 
during minimally invasive surgery [18], which can lead to 
significant cost and morbidity to the patient. Despite this 
hypothesized benefits of having a skilled BA, most studies 
to date have failed to show statistically significant differ-
ences between experienced and non-experienced assistants 
for outcomes other than operative time; however, these stud-
ies had 2 important differences: (1) the surgeons were past 
their learning curve and (2) the definition of expert BA used 
would not have met our criteria.

Table 5   Multivariable linear 
regression analysis examining 
length of stay (LOS) (in hours) 
for patients who underwent 
robotic-assisted laparoscopic 
radical prostatectomy with 
either an experienced (n = 59) or 
inexperienced (n = 111) bedside 
assistant

*Denotes statistical significance
**Predictors in the model included expert assistant, body mass index (BMI), race, prostate specific antigen 
(PSA) at time of diagnosis, prostate size (g), TRUS biopsy Grade Group and case number (expressed as 
quartiles)

Variable B stat Std error Lower 95 Upper 95 p value

Expert assistant − 5.2 3.8 − 12.7 2.3 0.2
BMI − 0.6 0.4 − 1.4 0.1 0.09
Race
 Caucasian Reference
 African American − 3.6 3.5 − 10.5 3.2 0.3
 Hispanic 4.6 10.7 − 16.5 25.7 0.7

PSA at diagnosis 0.6 0.2 0.2 1.0 0.002
Prostate size (g) 0.01 0.08 − 0.1 0.2 0.9
TRUS Biopsy Grade Group
 Grade Group 1 Reference
 Grade Group 2 − 8.2 5.2 − 18.4 2.0 0.1
 Grade Group 3 − 4.0 5.7 − 15.3 7.4 0.5
 Grade Group 4 or 5 − 6.2 6.0 − 18.0 5.7 0.3

Case number
 First quartile Reference
 Second quartile − 10.8 4.6 − 20.0 − 1.7 0.02*
 Third quartile − 18.4 4.9 − 28.1 − 8.7  < 0.0001*
 Fourth quartile − 12.1 5.0 − 22.1 − 2.2 0.01*
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Nayyar et al. [10] performed a retrospective analysis of 
222 urologic robotic procedures performed at a single ter-
tiary care center by two experienced robotic surgeons and 
two bedside assistants. However, the definition of expert 
and novice differed from ours in that they assumed that the 
bedside assistants were novices in the first half of cases and 
experienced for the second half of cases. This study was 
also limited by having two different surgeons performing 
5 different types of surgeries and the assumption that the 
bedside assistant was inexperienced at the beginning of the 
study, without any formal training to define the difference 
between and novice and expert. Despite this, they found that 
OR time was significantly reduced by 13.7 min (p = 0.001) 
and there was trend for decreased blood loss with expertise 
(p = 0.057) [10]. Furthermore, details of the bedside assis-
tants prior training are not given, it is simply stated that they 
are usually second- or final-year residents.

Mitsinikos et al. published a retrospective study examin-
ing the relationship between bedside assistant experience 
and operative outcomes in robotic partial nephrectomy [9]. 

They included 18 surgeons from teaching and non-teach-
ing hospitals. Bedsides, assistants were either residents 
(teaching) or attending physicians (non-teaching). They 
also reported a decrease in hospital length of stay in sur-
geries that had an experienced bedside assistant (1 day 
shorter, p = 0.001) and decreased operative time by 16 min 
(p = 0.011) [9]. They hypothesized the difference in length 
of stay was likely due to different post-operative pathways 
as the surgeries were completed by different surgeons at 
different hospitals. This differs from our study, which was 
performed at the same hospital with the same post-operative 
pathway and the same surgeon. Two additional studies exam-
ining the relationship between bedside assistant experience 
and surgical outcomes have been looked at and did not find 
any significant difference in surgical margin rates or opera-
tive time in robotic partial nephrectomy [8] or laparoscopic 
radical prostatectomy [7]. However, it is important to note 
that these are very different surgeries from RALP, and the 
role of the bedside assistant in each is significantly different.

Most similar to our study, Cimen et al. [19] examined 
the relationship between bedside assistant experience and 
perioperative and oncologic outcomes for surgeons at the 
early part of the learning curve in RALP. In this study, the 
first 20 cases of two different surgeons at the beginning of 
their robotic experience were compared. One surgeon used 
a novice bedside assistant and the second surgeon used an 
experienced bedside assistant. They found no significant dif-
ference in surgical margin rates, EBL or complication rates. 
However, they did find shorter operative time with the use of 
an experienced bedside assistant [19]. This study was small, 
with only 36 patients included in final analysis. In addition, 
as this study used two different surgeons, and baseline dif-
ferences in performance between the two surgeons were not 
presented and could have influenced oncological and perio-
perative outcomes that may have masked the effects of the 
bedside assistant.

There are several limitations worth discussing in this 
study. First, as we only examined a single surgeon during the 
early phase of their learning curve, it is unknown whether 
these results could be applied to other surgeons also in the 
early phase of their learning curve. However, utilizing a sin-
gle surgeon’s experience allowed for us to control for the 
variability of surgeon skill that was a limitation in many 
other studies. It is likely that an expert BA could provide 
benefit given the reasons hypothesized previously. It is fur-
ther unknown whether our results could be applied to expe-
rienced surgeons no longer in their learning curve. Experi-
enced surgeons may be better at directing novice assistants 
how to help them retract tissue and may likely not need 
their input regarding tissue plains, thereby negating some 
of the benefits of an experienced bedside assistant. Indeed, 
the previous discussed studies have alluded to this hypoth-
esis [7–9]. We also did not examine longer-term outcomes, 

Table 6   Multivariable logistic regression analysis examining posi-
tive margin status for patients who underwent robotic-assisted lapa-
roscopic radical prostatectomy with either an experienced (n = 59) or 
inexperienced (n = 111) bedside assistant

*Denotes statistical significance
** Expert assistant = NO is the reference group
***Predictors in the model included expert assistant, body mass 
index (BMI), race, prostate specific antigen (PSA) at time of diag-
nosis, prostate size (g), final pathological stage and case number 
(expressed as quartiles)

Variable Odds ratio Lower 95 Upper 95 p value

Expert assistant 0.4 0.2 0.96 0.04*
BMI 1.0 0.9 1.09 0.9
Race
 Caucasian Reference
 African American 0.77 0.36 1.66 0.5
 Hispanic 0.08 0.003 2.6 0.16

PSA at diagnosis 1.07 1.03 1.12 0.002
Prostate size 0.97 0.95 0.99 0.016
TRUS Biopsy Grade 

Group
 Grade Group 1 Reference
 Grade Group 2 0.80 0.25 2.6 0.7
 Grade Group 3 0.80 0.22 2.9 0.74
 Grade Group 4 0.26 0.04 1.76 0.17
 Grade Group 5 0.61 0.12 3.0 0.54

Case number
 First quartile Reference
 Second quartile 0.84 0.30 2.33 0.74
 Third quartile 0.90 0.31 2.60 0.84
 Fourth quartile 1.01 0.34 3.0 0.98
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such as erectile dysfunction and incontinence rates, which 
could be affected by bedside assistant experience as well. 
The ability for centers to provide “expert” assistance is also 
not universal. In many academic centers, the junior resi-
dents provide this assistance and based on our definition, 
would not be considered experts. However, given our results, 
one might advocate that centers provide more experienced 
residents, fellows or physician assistants to assist junior sur-
geons who are early in their learning curve. Finally, we did 
not assess costs in our study. Hiring an expert BA could 
result in higher health care costs than utilizing residents or 
other non-expert assistants, but this would be easily offset 
by the downstream treatment needed given a significantly 
higher positive margin rate.

While not the focus of this study, these results may also 
support the idea that a standardized evaluation criteria 
designed to identify the expertise of a BA could be benefi-
cial. However, few training curricula have been reported in 
the literature to date [16, 20], and training is not standard-
ized. With much emphasis placed on the skill of the operat-
ing surgeon [21], it makes sense that the bedside assistant in 
robotic surgery also be the focus of improvement training.

Conclusion

The use of an experienced bedside assistant during RALP 
may be associated with a lower rate of positive margins 
and decreased blood loss for surgeons still in their learning 
curve. Because the majority of surgeons performing RALP 
in the United States will continue in their learning curve for 
many years, institutions should consider the potential bene-
fits of providing expert BA for these surgeons. Larger studies 
are needed to determine if these findings are broadly appli-
cable to other surgeons and other robotic-assisted surgeries.
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