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Abstract

Robot-assisted surgery requires more than an operative console: clinical deploy-
ment depends on instruments, visualization and extended reality (XR), network
reliability, team training, credentialing, and governance. This study develops
a five-layer cyber-physical readiness framework for comparing elective robot-
assisted surgery, XR-focused robotic training, and networked teleoperation. A
weighted multi-criteria index combines literature-informed layer scores for con-
sole control, instruments, vision/XR, network capability, and governance. The
model includes scenario-dependent weights, an illustrative model threshold, and
a teleoperation safety gate requiring acceptable latency, authentication, fail-safe
stopping, local recovery capability, and clear credentialing and liability arrange-
ments. Under the coded illustrative inputs, elective robot-assisted surgery meets
the model threshold (R = 0.736), XR-focused training lies near it (R = 0.674),
and remote teleoperation remains below it (R = 0.619) and fails the safety
gate. Sensitivity and uncertainty analyses identify network assurance, fail-safe
coverage, console performance, and governance as high-leverage factors. The
framework is a transparent program-level decision aid; it is not a validated clinical
prediction model, regulatory score, or substitute for procedure- and site-specific
safety assessment.

Keywords: robot-assisted surgery, cyber-physical systems, extended reality,
teleoperation, readiness framework, multi-criteria analysis



1 Introduction and Contributions

Robot-assisted surgery (RAS) is no longer a niche demonstration technology. Over
three decades it has moved from early master-slave concepts and market-driven acqui-
sition debates [3, 13] to multi-specialty clinical platforms with three-dimensional
vision, wristed instruments, and expanding hospital footprints [20, 29]. Program lead-
ers nevertheless still lack a compact quantitative answer to a practical question: for
this scenario: elective console surgery, extended reality (XR)-supported robotic train-
ing, or networked teleoperation, are console control, instruments, vision/XR, network
integrity, and credentialing jointly adequate? Platform reviews, soft-robot surveys,
XR education syntheses, and clinical trials each illuminate one facet [12, 17, 20, 26],
but they rarely produce a computable readiness index with transparent weights, sen-
sitivity, and hard failure gates. This paper closes that gap with an operating room
(OR)-native multi-criteria cyber-physical system (CPS) readiness model for Journal
of Robotic Surgery.

The remainder of the paper is linked as follows. Section 1 reviews the evidence
corpus that motivates five OR layers. Section 2 answers research question 1 (RQ1) by
defining the readiness index R(®), threshold, and teleoperation gate. Section 3 answers
research question 2 (RQ2) by computing scenario scores, threshold sensitivity, and
local/Dirichlet weight sensitivity. Section 4 deepens RQ2 with uncertainty, upgrade
prioritization, and illustrative feature ranking. Section 5 interprets the answers for
clinical programs, and Section 6 restates the RQ answers and limitations.

1.1 Literature review: platforms, outcomes, soft systems, XR,
and teleoperation

Platform evolution and adoption.

Early reviews framed robotic surgery as technologically promising yet clinically
immature, with limited comparative cost—benefit data relative to conventional tech-
niques [3]. Subsequent historical surveys traced telepresence concepts through com-
mercial multiport systems and highlighted curriculum, haptics, and cost as persistent
readiness bottlenecks [13]. Contemporary technology reviews catalogue U.S. Food and
Drug Administration (FDA)—cleared and emerging platforms, emphasizing that com-
petitive console and instrument ecosystems must be scored as systems, not as single
devices [20]. Population data confirm rapid diffusion once hospitals purchase robots:
robotic shares of common procedures rose sharply over a few years, even when evidence
for superiority remained procedure-dependent [29]. Anatomic technique innovations
such as completely intrafascial approaches further show that platform capability and
surgical workflow co-evolve [9]. Flexible and continuum architectures extend this
trajectory toward single-port and confined-space access [30, 40].

Randomized and synthesized clinical evidence.

High-level evidence now clarifies where RAS changes perioperative risk and where it
does not. In rectal cancer, the Robotic versus Laparoscopic Resection for Rectal Can-
cer (ROLARR) trial found robotic assistance non-inferior to laparoscopy on conversion
risk in a multicenter randomized controlled trial (RCT) design [17]. In prostatectomy,



early and 24-month randomized comparisons versus open surgery report similar func-
tional recovery patterns while refining oncologic interpretation [11, 21]; continence
meta-analyses further quantify functional recovery ranges after robot-assisted radi-
cal prostatectomy [10]. For bladder cancer, the iROC RCT showed more days alive
and out of hospital after robot-assisted cystectomy with intracorporeal diversion ver-
sus open surgery, alongside fewer selected wound and thromboembolic events [42].
Esophagectomy and oropharyngeal trials similarly position RAS within specialty-
specific morbidity and quality-of-life (QOL) trade-offs [24, 28]. Overview-of-reviews
work cautions that broad claims of universal clinical superiority are not supported:
benefits are procedure-specific and often modest relative to adoption intensity [32].
These findings motivate readiness scoring that separates technical platform maturity
from outcome-justified deployment.

Soft, continuum, and intelligent effectors.

Beyond rigid wristed tools, soft and continuum robots promise safer interaction with
deformable anatomy. Biomedical soft-robotics reviews map materials, actuation, and
clinical use-cases spanning surgery and assistance [22]. Minimally invasive surgery
(MIS)-focused surveys compare design families and argue for structured evaluation of
sterilization, sensing, and control before routine OR use [26]. Actuator and manipu-
lator surveys detail inflatable elastic actuators, stiffness tuning, and sensing needed
for compliant manipulation [18, 35], while intelligent soft surgical robot roadmaps
emphasize autonomy-aware control and next-generation MIS platforms [36]. Contin-
uum manipulation surveys and miniature soft locomotion reviews expand the design
space for navigation in constrained cavities [30, 31]; origami soft crawlers illustrate
magnetically actuated confined-space mobility [43]. Flexible robotic MIS reviews syn-
thesize kinematics, constraint control, and clinical status for single-port pathways
relevant to Layer 2 scoring [40].

Surgical education, XR, and skill transfer.

Skills laboratories and simulation are now recognized as infrastructure, not optional
add-ons: motor learning theory and duty-hour pressures pushed basic skills out of the
live OR [4]. Classic randomized evidence showed that virtual reality (VR) training to
expert criteria reduces operative errors and improves dissection efficiency [2]. System-
atic reviews of augmented reality (AR) medical training and meta-analyses of VR for
health-professions education report knowledge and skill gains but uneven methodolog-
ical quality and transfer validation [12, 25]. Head-mounted XR reviews and broader
clinical VR surveys similarly stress application-specific fidelity requirements for surgi-
cal rehearsal versus general education [14, 37]. Metaverse-oriented educational analyses
extend this discussion to persistent multi-user virtual learning environments and their
limits [38]. Teaching-by-demonstration methods for robot-assisted MIS further link
recorded human demonstrations to robot skill models under remote center of motion
(RCM) constraints [33], while deep imitation learning from consumer VR teleopera-
tion shows how XR interfaces can generate training data for complex manipulation
policies [19].



Teleoperation theory, haptics, human factors, and autonomy.

Force-reflecting teleoperation under delay has a rigorous control heritage: passiv-
ity and wave-variable formulations stabilize delayed bilateral loops [1]. In clinical
robot-assisted minimally invasive surgery (RMIS), lack of high-fidelity haptic feed-
back remains a central human—machine limitation [7]. Human-performance reviews for
teleoperated robots document situation awareness loss, video bandwidth limits, lag,
and frame-of-reference switching, and recommend multimodal and predictive inter-
faces [5]. Learning-based force-sensorless admittance teleoperation offers compliant
interaction without dedicated force/torque sensing [34]. Autonomy taxonomies and
standards discussions argue that surgical robots must progress through supervised
levels with transparent benchmarks rather than leaping to unsupervised clinical con-
trol [23]; in vivo autonomous laparoscopic anastomosis demonstrates frontier capability
while underscoring governance needs [41]. Networked OR pathways also sit within the
broader Internet of Things (IoT) and Industry 4.0 convergence of connected devices,
market adoption pressure, and cyber-physical risk management documented across
two decades of IoT research [44].

Adjacent cyber-physical training evidence.

Outside the OR, robot-assisted rehabilitation RCTs and reviews show that intensive
human-robot training loops can be protocolized and scored against motor endpoints [6,
8, 15, 16, 27, 39]. We cite this only as adjacent evidence that structured robotic
curricula can be measured; these sources are not surgical outcome substitutes and do
not enter patient-level claims in this framework.

Synthesis and gap.

Across this corpus, five themes recur: (i) console and instrument platforms are com-
paratively mature for elective RAS [13, 20]; (ii) clinical benefit is procedure-specific
and must not be inferred from adoption alone [17, 29, 32, 42]; (iii) soft/flexible effec-
tors remain translationally incomplete relative to rigid tools [26, 36, 40]; (iv) XR
can transfer skill when curricula are criterion-based, yet routine AR registration and
broad educational validation remain uneven [2, 12, 25, 37]; and (v) remote teleop-
eration and autonomy are limited by delay, haptics, human factors, fail-safes, and
standards [1, 5, 7, 23, 41]. What is missing is a single transparent index that combines
these layers for scenario comparison. That is the modeling target of this paper.

1.2 Research questions and contributions
This paper addresses exactly two research questions (RQs):

® RQ1: How can robotic OR capability be formalized as a multi-layer readiness score
R(©) with scenario-dependent weights and measurable layer scores?

e RQ2: Under literature-coded inputs drawn from the curated RAS/XR/soft-
robotics/teleoperation corpus used here, how do elective RAS, XR robotic training,
and remote teleoperation compare on R(®), and which layers and engineering features
most affect the score?



Contributions.

(1) We define a five-layer cyber-physical readiness framework for RAS with explicit
equations, an illustrative model threshold, a numeric teleoperation latency param-
eter, and a binary safety product G. (2) We publish literature-informed indicator
coding anchored to the curated corpus, compute scenario readiness with worked arith-
metic, run threshold/weight /noise sensitivity, and report adoption-growth statistics
from published registry endpoints [29]. (3) We report an illustrative feature-ranking
visualization and interpret results for robotic program planning: under the coded
inputs, elective RAS meets the illustrative model threshold, whereas remote teleoper-
ation remains below it and is constrained by network and fail-safe layers. Autonomy
enters as a governance and safety consideration, not as an unsupervised clinical
controller [23, 41].

Evidence corpus.

All bibliographic entries are taken from the authors’ curated PDF set (local
project folder new papers) spanning RAS platforms, clinical RCTs and syntheses,
soft /flexible robotics, XR education, teleoperation/autonomy, and IoT/Industry 4.0
networked-systems context [44]; duplicate PDF copies of the same article are cited
once.

The literature themes above map directly onto the five layers formalized next: con-
sole and instruments (platform maturity), vision/XR (training and guidance), network
(teleoperation), and governance (credentialing, standards, and cybersecurity).

2 Model Formulation

This section answers RQ1: we formalize robotic OR capability as a weighted readiness
score with an illustrative model threshold and a teleoperation safety gate.

2.1 Layered robotic OR representation

Definition 1 (Robotic OR layers) Let the robotic OR be described by five layers L;, i =
1,...,5:

1. Lj: console and human control (ergonomics, tremor filtering, control fidelity);

2. Ls: instruments and soft effectors (articulation, compliance, port access);

3. Ls: vision and XR guidance (stereo endoscopy, AR registration, VR training
fidelity);

4. Ly: network and teleoperation link (latency, authentication, redundancy);

5. Ls: team, credentialing, and governance (training, liability, cybersecurity process).

Figure 1 summarizes the stack. Soft, continuum, and flexible effectors enter pri-
marily through Lo [18, 22, 26, 30, 31, 35, 36, 40, 43]; XR training, AR guidance, and
demonstration-based skill transfer enter through Ls [2, 4, 12, 14, 19, 25, 33, 37, 38];
networked remote control, haptics, human factors, and autonomy constraints enter
through Ly, L4, and L3 [1, 5, 7, 20, 23, 34, 41, 44].



L1 Console / human control

Ergonomics - tremor filter - fidelity

L2 Instruments / soft effectors

Articulation - compliance - access

L3 Vision / XR guidance

Registration - immersion - transfer

L4 Network / teleoperation

Latency - authentication - redundancy

L5 Governance / credentialing
Training - liability - cybersecurity

Fig. 1 Five-layer cyber-physical readiness model for the robotic OR (console, instruments,
vision/XR, network, governance).

2.2 Readiness index

Definition 2  (Scenario readiness) For clinical scenario ¢ € C =
{elective RAS, XR training, teleoperation}, let w® ¢ RSZO be weights and HONS [0, 1}5 be
layer scores. The readiness index is
5 5
R = ngc)sgc), Zwic) =1. (1)
i=1

i=1

Definition 3 (Illustrative model threshold) A scenario is said to meet the illustrative model
threshold under this model if

R >7  r=070. (2)
The threshold 7 = 0.70 is an author-chosen illustrative cutoff for comparative analysis, not
a validated clinical, regulatory, or patient-level readiness standard. Classifications relative to
7 are therefore scenario-model outputs only.
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Layer scores sg )

[0,1] coded from published technical and clinical descriptions:

1 &
= )
v k=1

are obtained by averaging K, binary or scaled indicators z;; €

3)

Table 1 lists the indicators and elective-RAS codes used in this study; XR-training and
teleoperation scores follow the same template with scenario-adjusted values (Fig. 2).
Codes are single-rater author judgments anchored to the cited literature (preliminary
proof-of-concept), not multi-rater Delphi estimates or hospital telemetry; no inter-rater

agreement statistics are reported.

Table 1 Indicator coding for elective RAS layer scores s; (each z;x € [0,1];

$; = meanyx;x ). Anchors are papers in the curated corpus.

Layer Indicator x; Code Anchor
Ly Tremor filtering / stability 0.90 [3, 20]
L, Console ergonomics / control fidelity 0.85 [7, 13, 20]
Ly Stereoscopic visualization at console 0.83 [13, 20]
Lo Articulated wristed instruments 0.95 [9, 13, 20]
Lo Multi-port / single-port / flexible access options 0.90 (20, 30, 40]
Lo Soft-compliance maturity for routine use 0.61 [22, 26, 35, 36]
Ls Endoscopic vision adequacy (non-XR) 0.85 [20]

Ls AR registration readiness for routine OR 0.45 [12, 14]
L3 VR curriculum transfer evidence 0.35 [2, 4, 25, 37]
Ly On-premises wired reliability (elective) 0.70 [1, 20]
Ly Authenticated / supervised remote session controls  0.35 [5, 23, 44]
Ly Redundant fail-over / safe autonomy stop 0.15 [23, 41]
Ls Formal credentialing pathway 0.80 (4, 13, 29]
Ls Team training / simulation access 0.75 (2, 27, 37]
Ls Standards-aware safety / autonomy governance 0.60 (23, 32, 41]

Layer means for elective RAS are therefore s = (0.86,0.82,0.55,0.40,0.72), matching

Fig. 2. Weights w(®) encode relative clinical priority (Table 2).

Table 2 Scenario weights w(®) (rows sum to 1)

Scenario w1 wa w3 wy ws

Elective RAS 0.28 0.26 0.14 0.08 0.24
XR training 0.12 0.10 0.38 0.08 0.32
Teleoperation 0.22 0.18 0.16 0.24 0.20

Figure 2 plots the same weights beside the scenario layer scores used in all readiness

calculations.
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Fig. 2 Scenario weights (left) and literature-coded layer scores (right) used in Eq. (1).

2.3 Teleoperation safety gate

Weighted averaging alone can hide a single catastrophic failure mode. For remote
teleoperation we therefore impose both a latency inequality and a binary product
gate. Let ¢ denote one-way control/feedback latency. We use a scenario-model latency
parameter

£ < lmax, frmax = 150 ms, (4)

informed by delayed teleoperation stability theory [1], human-performance limits
under lag and bandwidth constraints [5], and autonomy/teleoperation safety dis-
cussions [23, 41]. It is not asserted as a universal validated remote-surgery clinical
standard; sites may tighten or relax £y, for anatomy, procedure, and network design.
Five binary constraints ¢; € {pass, fail} are then required:

5
G = || 1l¢; = pass], remote RAS allowed in the model only if G = 1 and (4) holds.
=1

J

(5)
The five constraints are: latency limit (4), authentication integrity, fail-safe stop, local
recovery capability, and credentialing/liability clarity (Fig. 3; Table 3). Authentication
integrity is interpreted in the IoT /Industry 4.0 sense of trustworthy connectivity, iden-
tity, and cyber-physical assurance for networked clinical systems [44]. Under the coded
teleoperation inputs we set ¢ = (fail, fail, fail, fail, pass) for a typical non-dedicated
wide-area link lacking proven fail-safe and recovery drills, hence G = 0 even before
comparing R(©) with 7. Even if R(®) were near 7, G = 0 vetoes routine remote operation
in this framework [7, 23, 34, 41].



Table 3 Operational definitions for teleoperation gate conditions (pass requires documented

evidence)

Gate condition

Pass evidence (examples)

Fail evidence (examples)

Latency £ < fmax
Authentication
integrity

Fail-safe stop

Local recovery

Measured one-way control/feedback
latency within the site-chosen £pax on
the intended path

Mutual authentication, session
integrity checks, and logged identity
for console and bedside nodes [44]
Tested emergency stop that leaves
instruments in a safe state under link
loss [23, 41]

On-site surgeon/team can convert or
complete care without the remote

Unmeasured latency, or measured £ >
fmax on production path

Open/shared credentials,
sessions, or no audit trail

unsigned
No tested stop, or stop leaves uncon-
trolled motion risk

No local recovery plan, staffing, or
equipment

link [7, 34]

Credentialing/liabilityWritten privileges, cross-site creden-
tialing, and liability/coverage agree-
ments

Informal remote assistance without
privileges or liability clarity

All checks must pass (AND gate)

Latency

Auth
integrity

Fail-safe Local Credential

-»> -»>

recovery

150 ms or less

stop and liability

Fig. 3 Teleoperation safety gate: illustrative latency parameter (150 ms or less in this scenario
model), authentication, fail-safe stop, local recovery, and credentialing/liability must all pass (G =1
in Eq. (5)).

2.4 Adoption growth statistic

Let p;, and p;, be robotic approach shares at years ¢y, and ¢;. An implied continuous

growth rate is

1
g=—mbu,

t1 —to Pt
Using Sheetz et al. endpoints pagi2 = 0.018 and pog1g = 0.151,

(6)

1 0.151 1
= ~In(8. ~ 0.354 yr—!
5018 — 2012 ™ 0018 — g (8-3889) ~ 0.354 yr

9= (7)

(Fig. 4). Rapid diffusion motivates readiness scoring: volume growth does not imply
layer balance [29].
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Fig. 4 Robotic approach share for common procedures in a Michigan registry cohort, 2012 (1.8%)
and 2018 (15.1%), redrawn from Sheetz et al. [29]; implied growth rate from Eq. (6).

3 Correctness Properties and Numerical Analysis
Having defined the index in Section 2 (RQ1), this section answers RQ2 for the three

coded scenarios: compute R(®), compare each value with 7, and probe teleoperation
weight sensitivity.

3.1 Basic correctness properties

Proposition 1 (Boundedness) Ifwl(c) >0, wgc) =1, and sgc) € [0,1], then R ¢ [0, 1].

Proof R is a convex combination of values in [0, 1], hence lies in [0, 1]. O

Proposition 2 (Monotonicity) Fiz w(®) If (9 < 59 componentwise, then R < R,

Proof Immediate from non-negative weights in Eq. (1). O

These properties ensure that improving any layer never decreases readiness and
that scores remain interpretable on a unit interval.

3.2 Computed readiness (RQ1-RQ2)

We first expand Eq. (1) for elective RAS using the coded inputs w =
(0.28,0.26,0.14,0.08,0.24) and s = (0.86,0.82,0.55,0.40,0.72):

wy sy = 0.28 x 0.86 = 0.2408, (8)
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wasy = 0.26 x 0.82 = 0.2132, )
wss3 = 0.14 x 0.55 = 0.0770, (10)
wass = 0.08 x 0.40 = 0.0320, (11)
wsss = 0.24 x 0.72 = 0.1728, (12)
Relective) — (9408 + 0.2132 + 0.0770 + 0.0320 + 0.1728 = 0.7358 ~ 0.736.  (13)

The same expansion for XR training and teleoperation yields

RXR training) — 0.19.0.60 + 0.10 - 0.48 + 0.38 - 0.78 + 0.08 - 0.42 + 0.32 - 0.70 = 0.674,
(14)

R(teleoperation) — 99 () 74 4 (.18 - 0.70 + 0.16 - 0.62 + 0.24 - 0.48 + 0.20 - 0.58 = 0.619.
(15)

Relative to the illustrative threshold 7 = 0.70, elective RAS meets the model threshold
(0.736 > 0.70), XR training lies near it (0.674 < 0.70), and teleoperation remains
below it (0.619 < 0.70) under the coded inputs (Fig. 5; Table 4). These labels are
scenario-model outputs rather than clinical determinations.

1.2
illustrative threshold = 0.70
1.0
0.736
(meets threshold) 0.674 0.619
0.8 (near threshold) (below threshold)

Readiness score

Elective RAS XR training Teleoperation

Fig. 5 Illustrative readiness scores R(¢) versus model threshold 7 = 0.70 (Eq. (2)); labels are
scenario-model comparisons, not clinical determinations.

3.3 Threshold sensitivity

Because 7 is author-chosen, we re-evaluate the same coded point estimates against
T € {0.60,0.65,0.70,0.75,0.80} (Table 5; Fig. 6). Elective RAS meets every 7 < 0.70

11



Table 4 Layer contributions w;s; and total readiness by
scenario

Scenario Ly Lo L3 Ly Ls R

Elective RAS ~ 0.241 0.213 0.077 0.032 0.173 0.736
XR training 0.072 0.048 0.296 0.034 0.224 0.674
Teleoperation 0.163 0.126 0.099 0.115 0.116 0.619

and falls below 7 > 0.75. XR training meets 7 < 0.65 and falls below 7 > 0.70.
Teleoperation meets only 7 = 0.60 among the tested values and remains below all
higher cutoffs. Across this range, the comparative ordering elective RAS > XR training
> teleoperation is unchanged, and teleoperation continues to lag elective RAS.

Table 5 Whether each coded scenario meets illustrative
thresholds 7 (M = meets; B = below)

Scenario =060 065 070 0.75 0.80
Elective RAS (R = 0.736) M M M B B
XR training (R = 0.674) M M B B B
Teleoperation (R = 0.619) M B B B B
0.80
@ Elective RAS
B XRtraining
0.75 ’ Teleoperation
g ® @ @ O 0]
3
8 0.70
e
5 | m O o a
)
- 0.65
S
S L 4 < < < <
0.60
filled = meets threshold; open = below
0.55
0.60 0.65 0.70 0.75 0.80

Illustrative threshold

Fig. 6 Coded point readiness versus illustrative thresholds 7 € [0.60,0.80]. Markers denote meets
(filled) or below (open).

Elective RAS draws most of its score from console and instrument layers, consistent
with mature master-slave platforms, anatomic robotic techniques, and flexible-access

12



roadmaps [3, 9, 13, 20, 40]. XR training is dominated by L3 and Ls, matching evidence
that criterion-based VR rehearsal can transfer to the OR [2, 4], while broader AR/VR
and metaverse education reviews still report uneven validation [12, 14, 25, 37, 38].
Demonstration learning and VR teleoperation pipelines further raise Ls potential when
RCM-safe skill models are available [19, 33]. Teleoperation spreads contribution across
layers but remains limited by modest s4 despite elevated w4, consistent with delay
stability, haptics, human-factor, and autonomy barriers [1, 5, 7, 23, 34, 41]. Random-
ized RAS trials and overviews further remind programs that diffusion [29] is not the
same as superiority on every endpoint [10, 11, 17, 21, 24, 28, 32, 42].

3.4 Local and Dirichlet weight sensitivity for teleoperation
For teleoperation, each weight is perturbed by +0.05 and renormalized,

w + de;

we —
|w + deqll1”

§ = +0.05, (16)

and the change AR = R(w) — R(wpase) is recorded (Fig. 7). As a worked step for the
network layer with § = +0.05,

w' = (0.22,0.18,0.16,0.29,0.20),  [jw’||l; = 1.05, (17)
w =w'/1.05 = (0.2095,0.1714,0.1524, 0.2762, 0.1905), (18)
R=0.6126, AR =0.6126 — 0.6192 = —0.0066. (19)

Increasing the network weight can lower R after renormalization when sy is below the
weighted average of the other scores; decreasing network weight raises R in the opposite
move (AR = +0.0073). Console-weight increases raise readiness (AR =~ +0.0058).

In addition to one-at-a-time moves, we draw N = 4000 Dirichlet weights around
each scenario base vector, w ~ Dirichlet(aw(?)) with concentration a = 40, and
recompute R(©). Under 7 = 0.70, the share of draws meeting the threshold is approx-
imately 0.94 (elective RAS), 0.07 (XR training), and 0.00 (teleoperation). This joint
weight uncertainty analysis agrees with the point-estimate ranking and with the local
sensitivity in Fig. 7: teleoperation decisions remain brittle in Ly under the present
coding.

4 Surrogate Ranking, Uncertainty, and Upgrade
Analysis

Section 3 established point estimates for RQ2. This section strengthens those answers
with Monte Carlo uncertainty on P(R > 7), Sobol ranking of teleoperation layers,
upgrade prioritization, and an illustrative feature-ranking visualization.

4.1 Scenario profiles and contribution structure

Figure 8 shows layer-score radar profiles: elective RAS is strong on console and instru-
ments; XR training peaks on vision/XR and governance; teleoperation is flatter but

13



mmm weight decrease 0.05 (renormalized) mmm weight increase 0.05 (renormalized)

|
Governance __
|
Network _'_
|
Vision/XR ‘
|
Instruments __
|
Console —__
|

—-0.008 -0.006 —0.004 —-0.002 0.000 0.002 0.004 0.006 0.008
Change in readiness score (teleoperation)

Fig. 7 One-at-a-time teleoperation weight sensitivity (+0.05 then renormalize) showing change in
readiness R.

weakest on network. Figure 9 decomposes w;s; contributions, confirming that elec-
tive readiness is carried by L;—Lo—Ls, XR training by L3—Ls, and teleoperation by a
more even but lower-valued mix. Figure 10 situates the same layers as a cyber-physical
dependency graph from surgeon and governance through console, vision, instruments,
and network to the patient/OR.

Console

Governance Instruments

Network Vision/XR

—— Elective RAS —— XRtraining —— Teleoperation

Fig. 8 Layer-score radar profiles for elective RAS, XR training, and teleoperation.
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Fig. 9 Heatmap of layer contributions w;s; by scenario (Eq. (1)).
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Fig. 10 Cyber-physical dependency graph of the robotic OR readiness stack.

4.2 Monte Carlo uncertainty on layer scores

Point estimates of R(©) ignore coding noise. As an illustrative uncertainty analysis we
draw N = 4000 Monte Carlo samples with

s = clipyy (s§C> ¥ e§”>> . W A N(0,0%), o€ {0.02,0.04,0.06}, (20)

and recompute R(¢) = > wgc)sgc’y) (random seed fixed in the accompanying script).

Table 6 and Fig. 11 summarize the baseline case ¢ = 0.04. Elective RAS remains
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almost surely above 7 = 0.70 (P(R > 7) ~ 0.97), XR training straddles the threshold
(P =~ 0.11), and teleoperation remains below 7 in essentially all draws (P ~ 0).
Repeating with ¢ = 0.02 and o = 0.06 yields elective P ~ 1.00 and 0.89, XR P ~ 0.01
and 0.21, and teleoperation P = 0.00 in both cases (Table 7). Noise magnitude changes
the absolute probabilities but not the comparative conclusion that teleoperation lags
elective RAS under these coded inputs.

Table 6 Monte Carlo readiness summary (illustrative o = 0.04,
N = 4000, seed fixed)

Scenario Mean R 5th-95th pct. P(R>7) Point R
Elective RAS 0.736 0.704-0.768 0.968 0.736
XR training 0.674 0.640-0.709 0.111 0.674
Teleoperation 0.619 0.589-0.648 0.000 0.619

Table 7 Monte Carlo P(R > 0.70) under
illustrative score noise o (N = 4000)

Scenario o =0.02 0.04 0.06
Elective RAS 1.000 0.968 0.891
XR training 0.007 0.111  0.213

Teleoperation 0.000 0.000 0.001

Elective RAS XR training Teleoperation
P [ | H
Prob. meeting illustrative threshold: 0.97 Prob. meeting illustrative threshold: 0.11 Prob. meeting illustrative threshold: 0.00
20.0 H H H
H ] H
175 i i
1 1
1 1
15.0 i i
i i
2125 ! !
& 1 1
S i i
& 100 : :
1 1
7.5 i i
| 1
[ |
5.0 !
1
25 } i
1 1
1 1
0.0 L L
0.5 0.6 0.7 0.8 0.9 0.5 0.6 0.7 0.8 0.9 0.5 0.6 0.7 0.8 0.9
Readiness score Readiness score Readiness score

Fig. 11 Kernel density estimates of illustrative Monte Carlo readiness under layer-score noise (o =
0.04 in Eq. (20)). Dashed line: 7 = 0.70; panel annotations report P(R > 7).
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4.3 Global sensitivity and upgrade prioritization

Beyond local weight perturbations (Fig. 7), we compute exact first-order Sobol indices
for the linear teleoperation model under equal score variance,

2
Si= —"t— (21)
(2 5 b
> wy

shown in Fig. 12. Network (S, = 0.282) and console (S; = 0.237) dominate score-
driven variance, followed by governance (0.196), instruments (0.159), and vision/XR
(0.125). A practical upgrade tornado (Fig. 13) asks: if any single layer score improves
by +0.10, how much does teleoperation R rise? Network yields the largest gain
(AR = +0.024), then console (4+0.022), governance (+0.020), instruments (+0.018),
and vision/XR (+0.016). Even the best single-layer upgrade leaves teleoperation below
7 (R = 0.643), which is why the binary gate G remains essential.

Vision/XR _ 0.125

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
First-order Sobol index (teleoperation)

Fig. 12 Teleoperation first-order Sobol indices under equal layer-score variance, S; = wf /> j w]2-
(Eq. (21)).

4.4 Tllustrative ridge ranking (not a predictive classifier)

To connect the multi-criteria score to an explicit ranking view, we
build an llustrative ridge ranking on six engineering features f =
(control fidelity, instrument dexterity, XR registration, network RTT adequacy, credential coverage, fail-safe cov
Feature values follow the corresponding layer scores, with an explicit fail-safe coordi-
nate coded lower for teleoperation. Labels are y = 1[R(®) > 7]. Because only three
nominal scenarios are available, we expand the design with bootstrap noise around
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0.000 0.005 0.010 0.015 0.020 0.025
Readiness gain if layer score increases by 0.10 (teleoperation)

Fig. 13 Tornado plot of readiness change AR for a +0.10 teleoperation layer-score upgrade.

the coded points (n = 363 rows) and solve

min ly = FBIZ+IBlZ, — A=1072 (22)

after standardizing columns. Normalized ridge importances
153l
= g (23)
k=1 |8kl

and permutation importances are reported in Table 8 and Fig. 14. Instrument dexterity
and fail-safe coverage dominate both rankings, with control fidelity next; network RTT
is weaker in the surrogate because above-/below-threshold labels are already separated
strongly by instrument /fail-safe coordinates under the coded scenarios. This does not
contradict the teleoperation weight sensitivity in Ly: the gate G and upgrade tornado
still prioritize network assurance for remote pathways, while the surrogate is only
an illustrative ranking visualization of which features most separate above-threshold
versus below-threshold prototypes in a bootstrap-expanded cloud of three scenario
points. We do not report fit R? as evidence of predictive validity.

Table 8 Normalized ridge and permutation importances for illustrative feature
ranking (A = 10~ 2, bootstrap-expanded design; not a clinical classifier)

Feature Control  Instruments XR reg. Network RTT  Credential Fail-safe

Ridge ¢; 0.165 0.295 0.111 0.030 0.113 0.286
Perm. ¢ 0.122 0.390 0.055 0.004 0.057 0.372
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Control fidelity _ 0.172 - 0.113
Credential coverage _ 0.161 - 0.101

XR registration . 0.035 |o.oos
Network RTT I 0.006 0.000
0.0 0.1 0.2 0.3 0.4 0.0 0.1 0.2 0.3 0.4 0.5 0.6
Normalized ridge importance Permutation importance

Fig. 14 Illustrative ridge and permutation feature ranking on bootstrap-expanded scenario proto-
types (Eq. (22)); not a predictive clinical classifier.

Remark 1 The surrogate and Monte Carlo analyses are transparency tools on literature-coded
indicators. They are not predictive classifiers, clinical decision algorithms, or multi-center
validated models.

5 Discussion, Limitations, and Applications

5.1 Answers to the research questions

RQ1 answer.

Robotic OR capability is formalized as Eq. (1): a convex combination of five layer
scores with scenario-dependent weights, an illustrative model threshold 7 = 0.70
(Eq. (2)), and, for remote pathways, a scenario-model latency parameter plus binary
AND gate G (Egs. (4)—(5); Table 3). The formulation is transparent, bounded, and
monotone (Section 3.1).

RQ2 answer.

Under the literature-coded inputs and illustrative 7 = 0.70, elective RAS meets the
model threshold (R = 0.736; Monte Carlo P(R > 7) ~ 0.97), XR training lies near
it (R = 0.674; P ~ 0.11), and teleoperation remains below it (R = 0.619; P ~ 0)
and additionally fails G. These are scenario-model outputs, not clinical determina-
tions. Teleoperation sensitivity and Sobol indices identify network and console as
high-leverage layers for remote pathways; the illustrative surrogate ranking highlights
instrument dexterity and fail-safe coverage among features that separate above- versus
below-threshold prototypes.

5.2 Clinical interpretation

Under the stated inputs, elective RAS clears 7 because console and instrument lay-
ers are comparatively mature [3, 13, 20]. Soft, continuum, and flexible robots can
raise future so for delicate or single-port anatomy, but sterilization, sensing, control,
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locomotion in confined spaces, and clinical validation remain incomplete relative to
rigid platforms [18, 22, 26, 30, 31, 35, 36, 40, 43]. XR robotic training sits near the
threshold: classic VR transfer evidence and skills-lab pedagogy are encouraging [2, 4],
yet broader AR/VR/metaverse education reviews still report mixed validation and
access barriers [12, 14, 25, 37, 38]. Teaching-by-demonstration and VR-imitation
pipelines can further couple L3 to future semi-autonomous assistance if RCM safety
is preserved [19, 33].

Remote teleoperation remains below 7 and fails G primarily because network
assurance, haptics transparency, supervised autonomy, human-factor mitigations, and
fail-safe coverage are incomplete relative to clinical risk [1, 5, 7, 23, 34, 41, 44]. AR
and VR tools should be judged by educational or guidance endpoints rather than dis-
play novelty alone [12, 25]. In the model, that requirement appears as pressure on ss;
poor registration or weak transfer cannot be rescued by raising console weight. Clini-
cal RCTs, functional meta-analyses, and overview-of-reviews syntheses likewise argue
for explicit readiness tracking before further diffusion [9-11, 17, 21, 24, 28, 29, 32, 42].
When scoring L5, programs can borrow the discipline of endpoint-linked training inten-
sity from adjacent robot-mediated therapy literature without treating those trials as
surgical outcome evidence [6, 8, 27].

5.3 Link to outcomes robotic programs already track

Readiness R(©) is not itself a patient outcome. Table 9 maps layers to endpoints com-
monly reported in robotic programs so that sites can replace author codes with local
audit data over time.

Table 9 Suggested outcome anchors for each layer when replacing author codes with institutional
data

Layer Example process metrics Example clinical/training endpoints

Conversion attributable to visualiza-
tion/control
Precision-related complications; access
conversions

Ly Console Console fault rate; ergonomic incident
logs
Instrument  collision/exchange

soft-tool availability

Lo Instruments time;

L3 Vision/XR
L4 Network

Ls Governance

Registration error (mm); VR curriculum
completion

Measured ¢; packet loss; failover test
pass rate

Credential roster coverage; cyber patch
lag

Skill-transfer scores; guidance-related
near misses
Remote-case abort rate; safety freezes

Training compliance; audit findings

5.4 Applications for robotic programs

Programs can use Eq. (1) as a pre-deployment checklist: encode local weights for
their case mix (e.g., raise ws for XR-heavy onboarding of new robotic surgeons),
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score layers from equipment audits and credentialing records, compare R(®) with the
chosen illustrative 7, and refuse remote pathways in the model unless G = 1 and
¢ < lmax- Monte Carlo P(R > 7) and Dirichlet weight draws quantify illustrative
coding/weight uncertainty; the upgrade tornado and local weight sensitivity identify
which investment (network SLA, fail-safe testing, XR curriculum, or console training)
most improves the model score per scenario. The framework is a transparent program-
level decision aid, not a validated clinical prediction model or regulatory score.

5.5 Limitations

Weights and layer scores are literature-informed author codes anchored to the curated
corpus; they are a preliminary proof-of-concept, not multi-rater Delphi estimates or
hospital telemetry, and no inter-rater agreement statistics are reported here. The
threshold 7 = 0.70 and latency parameter £, = 150 ms are illustrative scenario-
model aids, not validated clinical standards. Growth rate § summarizes two published
endpoints and does not forecast future adoption [29]. Monte Carlo noise (o = 0.02—
0.06) and Dirichlet weight draws are illustrative uncertainty analyses. The bootstrap
ridge ranking expands only three scenario prototypes and must not be read as
a predictive classifier. Specialty-specific RAS endpoints should be linked to s; in
future multi-center work [10, 11, 17, 21, 24, 28, 32, 42|. Soft-robot translational gaps
remain [26, 36, 40].

6 Conclusion

We presented a five-layer CPS readiness framework for RAS with an explicit index
R illustrative threshold 7, teleoperation gate G, adoption-growth statistic, thresh-
old/weight /noise sensitivity, Monte Carlo uncertainty, upgrade prioritization, and an
illustrative ridge/permutation feature ranking.

RQ1.
Readiness is a convex combination of console, instrument, vision/XR, network, and
governance scores with scenario-dependent weights (Section 2).

RQ2.
Under the coded illustrative inputs and 7 = 0.70, elective RAS meets the model
threshold (R = 0.736, P(R > 7) = 0.97), XR training lies near it (R = 0.674,
P = 0.11), and teleoperation remains below it (R = 0.619, P = 0) and fails G. Network
assurance and fail-safe coverage dominate remote-pathway leverage in the sensitivity
analyses (Sections 3—4). These statements are transparent program-planning outputs,
not validated clinical scores.

Future work should replace author codes with multi-rater or institutional mea-
surements, link layers to specialty-specific outcomes, and preserve the transparent
equation-level structure required for surgical program decisions.
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