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Robot-assisted surgery is often marketed as “next-generation AI robotics,” yet the operating 
room reality is more specific: today’s leading systems are surgeon-controlled platforms that 
combine precision instrumentation with software-enabled planning, image guidance, workflow 
support, and analytics. Investors, hospitals, and patients all want a clear answer to two 
questions: how much robotic surgery is actually being done, and what trajectory is plausible 
over the next decade? This paper offers a disciplined map of the field, separating promotional 
language from operational facts. We begin with the current landscape across soft-tissue 
robotics, orthopedics, spine, and image-guided systems, and we explain why procedure counts, 
installed base, and consumables-driven business models matter as much as technical capability. 
We then compare how “AI” is used in real devices, where it improves outcomes, and where it 
remains marketing shorthand. Next we synthesize the best publicly available signals for growth, 
including company disclosures and health-system adoption plans, to build scenario-based 
projections rather than single-number forecasts. Finally, we examine constraints that will shape 
the future: surgeon training, OR throughput, reimbursement, safety regulation, data 
governance, and the boundary between assistance and autonomy. The goal is a reader’s 
framework: how to evaluate claims, track true progress, and anticipate what robotic surgery will 
realistically become. 
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1. The Problem: “AI Robotics” as Hype and as Real Operating-Room Capability 

Robotic surgery sits at a strange intersection of modern technology narratives. On one hand, it 
is one of the most mature “robotics” deployments in the world: millions of procedures, tens of 
thousands of surgeons trained, and a large installed base that anchors recurring revenue and 
continuous workflow refinement. On the other hand, it is increasingly described with the same 
vocabulary used for general-purpose AI: autonomy, intelligence, next-generation robotics, and 
“AI doctors.” That language gap is not merely cosmetic. It distorts what the technology is, how it 
creates value, how it should be regulated, and how its future should be forecast. 

The core confusion is that “robotics” in surgery is not a single thing. It is an ecosystem of 
instruments, imaging, software, human skill, team choreography, hospital economics, and safety 
constraints. When someone says “AI robotics is transforming surgery,” the sentence can mean at 
least four different claims: improved mechanical precision, improved surgeon ergonomics, 
improved preoperative planning and intraoperative guidance, or movement toward systems 
that execute subtasks with less direct human control. These claims have very different timelines, 
evidence standards, and failure modes. Treating them as one undifferentiated story creates two 
predictable errors. The first is hype: assuming a smooth path from today’s assistance to near-
term autonomy. The second is cynicism: dismissing real progress because the marketing 
language overreaches. 

This paper begins by treating robotic surgery as a vocabulary discipline. If we cannot separate 
assistance from autonomy, or software-driven workflow gains from clinical outcome gains, we 
cannot evaluate adoption, investment, or patient benefit with any seriousness. 

1.1 Why robotic surgery is the test case for AI claims in medicine 

Robotic surgery is the best test case for AI claims in medicine because it forces all the hard 
constraints to show up at once. 

First, it is high-stakes and high-consequence. A missed detection in a radiology model is 
dangerous; a control error in an operating room can be catastrophic in seconds. This 
compresses the tolerance for ambiguity. In surgical settings, “works most of the time” is not a 
comforting phrase unless the failure envelope is clearly mapped, monitored, and bounded. 

Second, surgery is a closed-loop, real-time domain. Many medical AI successes are 
fundamentally pattern-recognition systems operating in an open-loop decision support regime: 
classify, rank, recommend. Surgery includes perception, planning, and control in a single 
continuous process. That makes it closer to autonomy in driving or aviation than to diagnosis in 
a clinic. The moment you move from “advice” to “action,” everything changes: verification, 
monitoring, traceability, liability, and the threshold of evidence. 
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Third, surgery is richly instrumented and therefore measurable. Robotic platforms generate 
structured telemetry: instrument trajectories, forces (in some systems), event logs, video 
streams, and timestamps. That makes surgery a uniquely data-rich environment for modeling 
and evaluation. It also makes it uniquely vulnerable to measurement theatre, where internal 
metrics improve while external patient outcomes do not. 

Fourth, surgery’s value is not only clinical; it is operational. Hospitals care about complications, 
length of stay, and readmissions, but they also care about OR throughput, turnover time, 
staffing stability, and service-line competitiveness. This means an “AI improvement” can be 
meaningful without being a miracle: a few minutes saved per case, fewer instrument changes, 
better scheduling accuracy, less variability across teams. In surgery, small operational 
improvements compound. 

Fifth, the regulatory boundary is clear enough to matter. In many parts of healthcare, AI can 
hide behind “decision support.” Surgical robotics cannot. If a system moves toward autonomy, 
the claims must be pinned to explicit indications, performance envelopes, risk mitigation, and 
post-market surveillance. This makes robotic surgery the domain where vague AI language is 
most likely to collide with hard governance. 

Taken together, these properties make robotic surgery a truth serum for AI narratives. It is 
difficult to pretend a system is autonomous when surgeons must still actively control the tools. 
It is also difficult to deny progress when procedure volumes are high, use is durable, and real-
world workflows are being improved year after year. 

1.2 The difference between automation, assistance, and autonomy 

A rigorous discussion of “AI robotic surgery” starts with three definitions. These are not 
philosophical; they are operational. 

Automation is the execution of predefined, repeatable functions with constrained variability. In 
surgery, automation often looks like workflow and instrument automation: camera control 
modes, stapling assistance, instrument collision avoidance, system setup checks, structured 
checklists, and standardized procedural steps. Automation can be highly valuable while 
remaining narrow. It reduces friction, improves consistency, and prevents common errors. 
Crucially, automation is not “intelligent” merely because it is helpful. It is reliable because the 
task is bounded. 

Assistance is a human-centered capability amplifier. The surgeon remains the agent; the system 
improves precision, visibility, ergonomics, or decision quality. Assistance includes improved 
visualization, tremor filtering, ergonomic control interfaces, scaling of motions, haptic or 
constraint cues (when present), and software-guided planning. “AI” in assistance is often about 
perception and guidance: segmentation, anatomical landmark identification, optimal port 
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placement suggestions, risk highlighting, or workflow prompts. Assistance can also be social and 
operational: better team coordination and fewer surprises during the case. 

Autonomy is action selection and execution with reduced direct human control, within a 
defined envelope. Autonomy is not a vibe; it is a shift in agency. The relevant question becomes: 
who chooses the next action, and who is responsible for it? In surgical autonomy, the most 
plausible near-term form is not a robot doing an entire procedure. It is constrained autonomy 
for subtasks: suturing a standardized closure, maintaining a safe camera view, or executing a 
repetitive movement under strict monitoring with immediate handover capability. 

The reason this distinction matters is that each category has different evidence requirements. 
For automation, we primarily ask: does it reduce error and time without introducing new risks? 
For assistance, we ask: does it improve outcomes, reduce variability, or expand access safely? 
For autonomy, we ask: what is the verified operating envelope, what is the monitoring system, 
what triggers safe fallback, and what is the human supervision model? 

A practical way to keep these categories honest is to demand a control statement for any claim. 
A control statement answers: during the critical step, who is controlling what, and what 
happens if the system is wrong? If the surgeon is continuously controlling the instrument, it is 
assistance. If the system is controlling a subtask while the surgeon supervises with override, it is 
autonomy at the subtask level. If there is no credible override story, it is not ready for the OR. 

1.3 The investor narrative versus the clinical narrative 

The investor narrative and the clinical narrative talk past each other because they optimize 
different objectives. 

The investor narrative centers on scale, durability, and monetization. It asks whether robotic 
surgery is a platform with a compounding installed base, recurring consumables revenue, high 
switching costs, and defensible differentiation. It cares about procedure growth, system 
placements, utilization rates, and the stability of service contracts. It tends to treat “AI robotics” 
as a growth accelerant: better features lead to more adoption, more adoption increases data, 
more data improves features, and the flywheel continues. 

The clinical narrative centers on benefit, safety, and practicality. It asks whether robotic surgery 
improves outcomes in specific procedures, how steep the learning curve is, how much time it 
adds or saves, what the complication profile looks like, and how it affects patient recovery. It 
worries about workflow disruption, instrument availability, staffing, training, credentialing, and 
the difference between a superstar surgeon and the median user. It also cares about equity: 
whether technology concentrates excellence in elite centers or diffuses competence more 
broadly. 
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Both narratives have blind spots. 

Investor talk often inflates “AI” into a general promise rather than a bounded function. It can 
confuse operational wins (faster cases, smoother turnover, fewer cancellations) with clinical 
wins (fewer complications, better long-term function). It can also underweight constraints that 
slow adoption: training bottlenecks, OR scheduling realities, reimbursement pressures, and the 
cultural inertia of surgical practice. 

Clinical talk can be overly conservative in a different way: it may demand headline outcome 
improvements for every innovation and dismiss cumulative workflow gains that meaningfully 
reduce errors and variability. It can also evaluate robotic surgery as a monolith rather than a set 
of procedure-specific tools. The question is rarely “Is robotic surgery better?” The question is 
“For which procedures, in which hands, under which operational constraints, and at what cost?” 

The point of this paper is to reconcile these perspectives with a single evaluation framework. 
We need two ledgers that stay separate but communicate. 

The capability ledger asks: what does the system do, exactly, and under what constraints? How 
is the claimed “AI” function measured, monitored, and bounded in real time? 

The adoption ledger asks: how often is the system used, for what case mix, with what learning 
curve, and what are the real determinants of utilization? How do economics, staffing, and 
training translate capability into actual procedures per year? 

When the two ledgers are aligned, robotic surgery is one of the clearest examples of technology 
compounding through real-world use. When they are misaligned, robotic surgery becomes a 
case study in narrative overreach: “AI robotics” as a story that sells more easily than it can be 
validated. 

In the sections that follow, we keep both ledgers in view: we quantify what can be quantified, 
translate marketing into operational definitions, and build projections that respect the 
constraints of hospitals, surgeons, and regulators rather than assuming that software progress 
automatically becomes clinical reality. 

 

2. Defining the Field: What Counts as Robotic Surgery 

The phrase “robotic surgery” is used so broadly that it often collapses unlike technologies into a 
single category. This is one of the main reasons marketing narratives become hard to evaluate: 
an investor may mean soft-tissue multi-port systems; a hospital administrator may mean knee 
replacement alignment tools; a neurosurgeon may mean stereotactic guidance and robotic arm 
positioning; a journalist may mean anything with software and a mechanical arm. If we want 
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credible procedure counts, meaningful forecasts, and a coherent discussion of “AI,” we must 
define the field in a way that respects how surgery is actually performed. 

A practical definition is this: a surgical system qualifies as “robotic” when it provides instrument 
positioning, instrument manipulation, or tool guidance under computer-mediated control in a 
way that changes the geometry of what the surgeon can do, and when it captures structured 
data about the action. In other words, the system is not merely a better scalpel; it is a mediating 
platform between surgeon intent and physical execution, often with digital planning and safety 
constraints. Under this definition, robotic surgery includes several distinct families that behave 
differently in adoption, economics, and “AI opportunity.” 

The goal of this section is not taxonomy for its own sake. The goal is comparability. A multi-port 
soft-tissue platform and a robotic-assisted knee alignment system do not grow, cost, train, or 
deliver benefits in the same way. Combining them without qualification creates false averages 
and false projections. 

2.1 Soft-tissue robotic platforms and multi-port systems 

Soft-tissue robotic platforms are what most people imagine when they hear “robotic surgery.” 
They are typically used for abdominal, pelvic, thoracic, and related procedures in general 
surgery, urology, gynecology, and sometimes cardiothoracic contexts. Their core physical 
innovation is a telemanipulation architecture: the surgeon operates from a console (or at a 
control interface) and the robot translates surgeon hand movements into controlled instrument 
motion inside the body. The value proposition is a compound of three things. 

First is dexterity in confined space. Many minimally invasive procedures are limited by tool 
degrees-of-freedom, awkward angles, and limited triangulation. Soft-tissue robotics seeks to 
restore degrees-of-freedom, improve stability, and expand the range of feasible minimally 
invasive approaches. 

Second is visualization. Advanced endoscopic imaging, stable camera control, and a consistent 
field of view can reduce cognitive load and improve precision. This is also where “AI” often 
enters: scene understanding, segmentation overlays, and workflow guidance are all natural 
extensions of a video-rich environment. 

Third is procedural standardization. These platforms can convert the messiness of “surgery as 
artisanal practice” into a more structured, instrumented process: standardized port placement 
patterns, standardized instrument sets, standardized step sequences, and standardized device 
checks. This increases reproducibility across teams and sites, which matters for scaling. 

Multi-port systems remain the archetype here: multiple instrument arms plus an endoscope are 
introduced through separate ports. There are also single-port systems (one access point with 
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multiple instruments), but the multi-port paradigm is still the dominant mental model for soft-
tissue robotics. From an adoption standpoint, the major levers are installed base, training 
pipeline, and utilization. These platforms are capital-intensive, so hospitals only “win” 
economically if they do enough cases to amortize the system while keeping OR time efficient. 

From a definitional standpoint, the key is that these systems are not primarily “robots that 
operate.” They are systems that translate surgeon intent into high-precision instrument motion 
while embedding workflow and safety features. Their progress curve is therefore strongly tied 
to procedure volume, instrument ecosystem, and incremental software improvements that 
reduce friction, time, and variability. 

2.2 Orthopedic robotic assistance and constraint-based workflows 

Orthopedic robotics is often misunderstood because it looks different from soft-tissue robotics. 
In many orthopedic systems, the robot is not a telemanipulator performing complex continuous 
motion under a console. Instead, it is a planning-and-execution assistance system that creates a 
constrained geometry for cutting, drilling, or implant placement. 

The core workflow is typically preoperative or intraoperative planning followed by mechanically 
constrained execution. The “robot” may be a robotic arm, a handheld robotic tool, or a 
navigation system that guides the surgeon and limits motion outside a planned region. This 
constraint-based approach is well suited to orthopedics because orthopedic procedures often 
involve rigid structures (bone), mechanical alignment, and implant geometry. The goals are 
measurable and geometric: align to a target axis, reproduce a planned cut plane, place an 
implant at a specified angle and depth. 

This category has a different adoption profile for several reasons. 

First, the performance metrics are tightly coupled to geometry. It is easier to define success: a 
cut is on-plan or off-plan; an implant is within tolerance or not. That does not automatically 
mean better long-term outcomes, but it makes evaluation and quality control more tractable. 

Second, the training curve is different. The surgeon is not learning a new “teleoperation skill” in 
the same way. They are learning a new planning and measurement workflow and adapting their 
operative rhythm to a constraint system. 

Third, the economic narrative differs. Joint replacement volumes are high, and the value case 
often leans on consistency, reduced outliers, lower revision risk over time, and marketing 
differentiation for a service line. The ROI can be compelling if the system improves throughput 
and reduces variability rather than requiring longer cases. 

In orthopedics, “AI” is often less about autonomy and more about anatomy modeling and 
planning: segmentation from imaging, personalized alignment strategies, prediction of implant 
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fit, and analytics on outcomes correlated with alignment. This is a field where “robotic surgery” 
can scale rapidly without anything resembling an autonomous surgical agent, because the core 
advantage is precision and reproducibility in a constrained geometry domain. 

2.3 Spine and cranial robotics, navigation, and image-guided intervention 

Spine and cranial robotics often function as robotic guidance married to navigation. In these 
procedures, the principal challenge is not fine dexterity in soft tissue but precision in trajectory. 
A pedicle screw trajectory that is a few millimeters off can have serious consequences. Similarly, 
cranial procedures demand stereotactic accuracy and clear mapping from imaging space to 
physical space. 

These systems are frequently built around three pillars. 

First is registration: aligning the patient’s physical anatomy in the operating room to a 
preoperative CT/MRI model or to intraoperative imaging. Registration quality is foundational. If 
the map is wrong, everything downstream is wrong. 

Second is navigation: tracking the relative positions of instruments and anatomy in real time. 
This is often mediated by optical or electromagnetic tracking systems, reference frames, and 
software that displays instrument trajectories. 

Third is robotic positioning or guidance: a robotic arm may position a guide tube, constrain an 
insertion angle, or provide stable alignment along a planned trajectory. The surgeon then 
executes the drilling or insertion with reduced chance of deviation. 

This category is sometimes called “robotic surgery,” sometimes “robotic navigation,” and 
sometimes “image-guided intervention.” The definitional line is that the system is actively 
shaping the geometry of execution under computer mediation, not merely providing 
information. When the device constrains or positions the trajectory, it is moving from pure 
navigation into robotic guidance. 

“AI” here tends to be about segmentation, registration robustness, artifact handling, and 
predictive safety: improved recognition of anatomy under variable imaging conditions, 
detection of drift in registration, or alerts when the instrument path deviates from plan. The 
field’s progress depends heavily on integration into surgical workflow and imaging 
infrastructure, because navigation is only as good as its setup, calibration, and team discipline. 

2.4 Adjacent technologies that get labeled “robotics” 

A major source of confusion is that many technologies adjacent to robotics are rhetorically 
pulled into the same bucket. This happens for understandable reasons: the boundary between 
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“robotic” and “computer-mediated” is not philosophically clean, and marketing incentives push 
toward the most exciting label. But for procedure counting and forecasting, we need separation. 

Four adjacent categories are commonly mislabeled as robotic surgery. 

First is advanced laparoscopy and endoscopy without robotic mediation. High-definition 
cameras, articulating instruments, better energy devices, and improved access tools can 
transform minimally invasive surgery without being robotic. If there is no computer-mediated 
instrument control or constraint, it is better labeled advanced minimally invasive surgery, not 
robotics. 

Second is navigation-only systems. Navigation that provides guidance but does not physically 
constrain or position tools can be transformative, especially in ENT, ortho trauma, and 
neurosurgery. But it differs materially from robotics in risk profile, training, and the kind of 
procedural control it exerts. 

Third is remote presence and telestration tools. Systems that enable remote mentoring, overlay 
drawing on video, or AI-driven case documentation may be sold under the “robotics” aura 
because they make the OR more digital. They can be valuable but do not change instrument 
execution. 

Fourth is perioperative AI: scheduling optimization, supply chain prediction, automated 
documentation, and postoperative monitoring. These are real “AI in surgery” technologies, but 
they are not robotic surgery. They affect throughput and quality, but they do not define robotics 
procedure volumes. 

A disciplined definition is therefore a practical necessity: robotic surgery is about computer-
mediated execution in the operative field, not merely digital assistance around the case. If we 
enforce this definition, we can answer the questions that matter. 

How many robotic surgeries occur per year, by category? Which category is growing fastest and 
why? Where does AI improve safety and outcomes, and where does it mainly improve 
workflow? Which claims imply a shift in agency and therefore require a different regulatory and 
ethical posture? 

With the field defined, the paper can now compare “leaders” meaningfully, rather than mixing 
fundamentally different technologies into a single, misleading storyline. 
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3. The Market Landscape: Who Leads and Why 

The surgical robotics market does not have one universal leaderboard, because “robotic 
surgery” is really a set of categories with different adoption mechanics. Soft-tissue robotics 
behaves like a platform business built on installed base, training pipelines, and recurring 
instruments. Orthopedic robotics behaves more like a high-volume procedural standardization 
tool coupled to implant ecosystems. Spine and cranial robotics behaves like precision navigation 
plus workflow integration anchored in imaging infrastructure. Leadership in each segment is 
therefore driven by different forms of advantage: installed base and service reliability in soft 
tissue, workflow efficiency and implant coupling in orthopedics, and registration accuracy plus 
OR integration in spine/cranial. 

Across all segments, two forces quietly dominate outcomes. The first is the hospital’s utilization 
problem: capital equipment only “wins” when it is used often enough to amortize its cost 
without slowing the OR. The second is the training and team choreography problem: a robot 
can be technically excellent and still fail to scale if it increases setup complexity, lengthens cases, 
or requires scarce mentors. These constraints explain why incumbency is unusually durable in 
surgical robotics, and why challengers frequently pursue not only technical differentiation, but 
also procurement models, portability, service networks, and training programs that reduce real-
world friction. 

3.1 Intuitive Surgical and the installed-base flywheel 

In soft-tissue robotic surgery, Intuitive Surgical remains the reference point because it has 
achieved what most challengers still lack: a mature installed-base flywheel. The flywheel has 
four reinforcing loops. 

Installed base drives surgeon familiarity. When a platform is present in a large number of 
hospitals, it becomes the default training environment for residents, fellows, and OR teams. 
That familiarity reduces cognitive and operational friction, which makes scheduling robotic 
cases easier and reduces the “activation energy” needed to adopt robotics across additional 
procedures and specialties. 

Familiarity drives utilization. Utilization matters more than almost any other variable because it 
converts a capital purchase into a service line that can be staffed, scheduled, and scaled. 
Utilization also improves outcomes indirectly by smoothing the learning curve. When teams do 
robotic cases routinely, setup time falls, docking becomes standardized, and intraoperative 
transitions become more predictable. The device becomes less of an “event” and more of an 
instrumented extension of routine minimally invasive practice. 

Utilization drives recurring revenue. Soft-tissue robotic platforms typically produce recurring 
revenue through instruments, accessories, and service contracts. This is not merely an investor 
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story; it is a reinvestment mechanism. Recurring revenue supports support infrastructure, field 
service, rapid replacements, loaner programs, training resources, and iterative instrument 
development. In a safety-critical domain, reliability and support are adoption features. 

Recurring revenue funds incremental improvement. The platform improves in steps rather than 
leaps: better ergonomics, improved visualization, workflow refinements, more durable 
instruments, reduced setup overhead, and expanded procedure support. Each incremental 
improvement strengthens surgeon preference and hospital confidence, which feeds back into 
the installed base. 

This structure explains why “dominance” in soft-tissue robotics is not simply a claim about who 
has the best robot. It is a claim about who has the most complete socio-technical system: 
training pipeline, OR workflow stability, service reliability, instrumentation breadth, and a long 
operational memory of how things fail in real hospitals. Challengers can match or exceed 
individual features, but dislodging a flywheel requires changing the total cost of adoption, not 
just the total cost of the machine. 

3.2 The challengers in soft tissue: different strategies, different bottlenecks 

Soft-tissue challengers generally fall into three strategic archetypes, and each archetype hits 
different bottlenecks. 

The first archetype is the integrated medtech incumbent challenger. Companies with large 
surgical portfolios attempt to leverage existing hospital relationships, contracting strength, and 
complementary product lines. The strategic bet is that hospitals prefer a bundled relationship: 
stapling, energy devices, instruments, service, and robotics under one procurement umbrella. If 
successful, the challenger can reduce the procurement barrier and sell robotics as a natural 
extension of an already-dominant OR presence. 

The bottleneck for this archetype is not access; it is equivalence under real-world conditions. 
Hospitals and surgeons will trial a system, but they will not convert volumes at scale unless the 
platform is reliable, instrument availability is predictable, and the ecosystem supports the day-
to-day reality of diverse cases. Also, soft-tissue robotics is indication-driven. A platform that is 
cleared for a narrow set of procedures must still build a credible pathway to broader routine 
use, otherwise it risks becoming a niche tool that never reaches the utilization needed for 
strong economics. 

The second archetype is the modular and workflow-friction challenger. These platforms 
emphasize portability, smaller footprint, flexible use across rooms, and the reduction of OR 
disruption. The strategic bet is that adoption is constrained less by surgical capability and more 
by logistical friction. If a platform can be moved, set up quickly, and used across multiple rooms 
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with less infrastructure, a hospital may achieve higher utilization with fewer machines, 
improving ROI and accelerating diffusion. 

The bottleneck for this archetype is not only regulatory expansion, but also the long grind of 
proving that workflow claims hold under real staffing patterns. “Faster setup” and “lower 
footprint” sound decisive, but they must survive the variability of real OR teams, sterilization 
workflows, instrument reprocessing, and scheduling patterns. A portability story also implies a 
service story: parts, calibration, and reliability must remain strong despite more movement and 
less “fixed-room” stability. 

The third archetype is the cost-disruptor and region-first challenger. These systems often grow 
first where procurement constraints create high price sensitivity and where domestic innovation 
policies favor local platforms. Their strategic bet is that a large portion of global surgical volume 
will be delivered in cost-constrained environments, and that affordability plus acceptable 
performance will win in the long run. They may also experiment with alternative economic 
models: pay-per-use, leasing, shared systems across departments, and aggressive service 
pricing. 

The bottleneck for this archetype is trust transfer across borders. A platform can be highly 
successful regionally and still struggle to translate that success into the U.S. and Western Europe 
where regulatory expectations, liability norms, and established training networks are different. 
Additionally, cost disruption must not degrade the two features that determine whether a 
system becomes routine: reliability and instrument availability. 

Across all challengers, the fundamental obstacles repeat. Regulatory breadth takes time. 
Procedure ecosystems are hard to build. Surgeon adoption requires mentors and a credible 
training ladder. Hospitals cannot tolerate frequent downtime. And the installed-base incumbent 
advantage expresses itself in the boring places: OR scheduling confidence, instrument 
reprocessing predictability, and the sense that a platform will behave the same way on a 
Monday morning emergency case as it did during a carefully staged demonstration. 

3.3 Orthopedic leaders and why this category scales differently 

Orthopedic robotics scales differently because it is often closer to constraint-based precision 
than to telemanipulated dexterity. That difference changes the adoption equation. 

First, orthopedic procedures tend to be high volume and relatively standardized. This creates a 
stronger utilization baseline. A hospital that does a large number of joint replacements has a 
natural pathway to high robotic utilization if the system does not meaningfully slow throughput. 

Second, the performance targets are strongly geometric. Alignment, resection planes, implant 
positioning, and gap balancing can be expressed as measurable tolerances. This makes quality 
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control and training more tractable. It also makes the sales narrative more concrete: fewer 
outliers, greater reproducibility, and a plausible long-term pathway to lower revision rates. 

Third, orthopedic robotics often couples tightly to implant ecosystems. This coupling changes 
incentives. When a robotics platform is designed to integrate with a company’s implant system, 
the robot becomes part of a broader product strategy rather than a standalone capital 
purchase. Hospitals and surgeons may evaluate the package as a service-line platform: implants, 
instruments, planning software, analytics, and robotic assistance together. 

Fourth, the staffing and OR choreography burden can be lower than in soft tissue, depending on 
system design. Many orthopedic robotic workflows are designed to fit within existing surgeon-
controlled operative rhythms, with the robot acting as a planning and constraint tool rather 
than a new modality requiring console time and complex docking. 

These dynamics create a category where “leadership” often tracks procedural volume, implant 
share, and workflow integration more than frontier autonomy. Orthopedic robotics can expand 
rapidly even if the “AI” component is mostly anatomy modeling, planning, and analytics rather 
than autonomous action selection. In other words, orthopedics is a segment where the practical 
benefits of constraint and reproducibility can drive scale without requiring the public to believe 
a robot is “intelligent.” 

3.4 Regional ecosystems: U.S., EU/UK, China, India, and procurement realities 

The global surgical robotics market is not one market. It is a patchwork of procurement regimes, 
reimbursement logic, training structures, and industrial policies. 

In the U.S., adoption is heavily shaped by competitive hospital dynamics and service-line 
branding, alongside the practical need to keep ORs running at high utilization. Capital budgets 
matter, but so do staffing models, the growth of ambulatory surgery centers, and multi-year 
contracting relationships with large medtech vendors. U.S. adoption tends to reward platforms 
that are reliable, widely supported, and capable of expanding across indications without 
constant workflow reinvention. The U.S. also tends to magnify litigation and liability concerns, 
which makes “autonomy” progress slower and pushes vendors toward assistance and 
verification-first features. 

In the EU and the UK, adoption is more sensitive to system-level planning, evidence standards, 
and centralized procurement constraints. The UK’s NHS has been explicit about using robotic 
surgery as a lever for efficiency, waiting-list reduction, and shorter hospital stays, which creates 
a policy-driven acceleration pathway. But policy targets still have to pass through procurement 
budgets, training capacity, and operational implementation. In practice, the EU/UK environment 
often favors platforms that can demonstrate workflow efficiency, support multi-specialty 
deployment, and integrate into public health system constraints. 
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In China, procurement is strongly influenced by public-hospital tendering and industrial policy 
goals that encourage domestic capability. A key dynamic is that domestic platforms can win on 
procurement structure, local support, and price positioning, even while the incumbent global 
leader remains dominant in high-end installations. The Chinese ecosystem also moves through 
waves: periods of rapid hospital procurement, followed by consolidation and price pressure, 
followed by renewed expansion as systems mature and local supply chains strengthen. This 
environment can produce fast shifts in domestic share, even if global leadership remains stable. 

In India, cost sensitivity and access constraints are central. Robotics grows where private 
hospital networks can support capital expenditure and where a “center of excellence” strategy 
attracts patients, but the real scaling question is affordability. This is where alternative pricing 
models, pay-per-use arrangements, and domestically developed systems can play outsized roles. 
India also highlights a pattern likely to matter globally: robotic surgery can expand through 
institutional innovation in financing and scheduling even before per-case costs converge with 
traditional approaches. The ecosystem rewards platforms that reduce total adoption friction: 
lower capex, strong uptime, workable service models, and training systems that do not require 
scarce external proctors indefinitely. 

Taken together, these regional dynamics imply a future that is multi-polar rather than winner-
take-all. Soft-tissue robotics may remain anchored by an installed-base leader for a long time, 
but growth at the margin will be shaped by region-specific procurement realities, local service 
capacity, and the ability of challengers to reduce real adoption friction. Orthopedics may scale 
rapidly through implant-coupled ecosystems and standardized workflows. And the most 
credible near-term “AI” advances will appear not as autonomy headlines, but as workflow and 
safety improvements that increase utilization and reduce variability without changing the 
surgeon’s agency. 

 

4. Procedure Volumes: What We Know, What We Can Infer, and What We Cannot 

Procedure volume is the most important “reality anchor” in surgical robotics because it is where 
technology meets hospital operations. A platform can have a large installed base, impressive 
demos, and enthusiastic press, yet still fail to become routine if cases do not steadily move onto 
the robot. Conversely, a platform can be technically unglamorous and still win if it quietly 
becomes the default tool for high-volume procedures. This section treats procedure counts as 
the field’s primary truth signal, then explains why the signal is imperfect: companies report 
different things, “procedure” is not always defined the same way, and the denominator of 
potentially eligible surgeries is itself unstable. 
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The central challenge is that procedure volumes are both simpler and harder than they look. 
Simpler, because counting cases is conceptually straightforward. Harder, because the industry 
has incentives to report selectively, hospitals differ in case mix and staffing, and even honest 
numbers can mislead if we do not normalize them by system count, time in service, specialties 
covered, and geographic context. The goal here is a disciplined approach: what we can know 
with confidence, what we can infer with reasonable bounds, and what remains unknowable 
without better disclosure. 

4.1 Why procedure counts are the most meaningful adoption metric 

Procedure counts matter because they measure actual clinical integration rather than mere 
commercial footprint. A robot placed in a hospital is potential. A robot used every day is 
adoption. 

There are four reasons procedure volume is the strongest metric. 

First, it captures utilization, which is the governing economic variable. Surgical robots are 
capital-intensive and operationally demanding. If utilization is low, the economics degrade, the 
OR team loses fluency, and the system becomes a “special case” rather than a routine tool. High 
volume is the signature of a platform that has cleared the hardest barrier: becoming normal. 

Second, procedure volume is the most direct proxy for learning and standardization. Skills in 
robotic surgery, and equally importantly the team choreography around it, improve through 
repetition. Docking time drops, instrument choice becomes more predictable, troubleshooting 
becomes faster, and turnover improves. The clinical and operational benefits often depend less 
on “how smart” the robot is and more on whether the whole system has become habitual. 

Third, volume integrates all adoption constraints into one outcome. Training capacity, 
credentialing, service reliability, instrument availability, OR scheduling, reimbursement, and 
surgeon preference all feed into volume. That is why procedure counts are harder to manipulate 
than softer indicators like “interest,” “partnerships,” or even “systems installed.” A hospital’s 
schedule is not a press release. 

Fourth, procedure volume is the cleanest bridge between the investor narrative and the clinical 
narrative. Investors care about recurring revenue and durability. Clinicians care about workflow 
practicality and patient benefit. Procedure volume is where those concerns intersect. If the 
platform is not used, neither narrative is ultimately right. 

That said, raw volume is not enough. The field needs normalized volume: procedures per 
system per year, procedures by specialty, and procedures by geography. Without normalization, 
volume becomes a trophy number rather than an analytic tool. 
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4.2 Publicly reported volumes and the transparency gap across vendors 

The robotic surgery market has a pronounced transparency asymmetry. One reason discourse 
gets distorted is that one major incumbent reports procedure growth and annual procedure 
counts in a relatively straightforward way, while many challengers report selectively: cumulative 
milestones, installations, “cases completed” in limited regions, or trial-focused metrics that are 
not directly comparable. 

This creates three interpretive hazards. 

The first hazard is false precision. When one vendor reports annual volume and others do not, 
analysts may over-index on the visible number and treat everything else as noise. That is 
understandable, but it can also obscure meaningful competitor traction in specific regions or 
procedure niches. 

The second hazard is apples-to-oranges comparison. “Procedures” may refer to any of the 
following depending on the company: procedures performed using the robotic platform, 
procedures where the robot was used only for a subtask, procedures across all indications 
versus a subset, or procedures that include training, proctoring, and early adoption phases. 
Even when no one is being deceptive, differences in definition create phantom leadership 
changes or phantom slowdowns. 

The third hazard is narrative substitution. In the absence of procedure disclosure, the 
conversation drifts to proxy metrics that are easier to advertise: number of systems placed, 
number of hospitals signed, number of countries entered, or “AI features” launched. These may 
correlate with future volume, but they are not volume. The gap between proxies and 
procedures is where hype thrives. 

A disciplined reader should treat vendor disclosures as belonging to distinct disclosure regimes. 
Some companies disclose annual procedure volume and growth; others disclose placements 
and revenue but not volume; others disclose cumulative usage milestones; and some disclose 
mostly regulatory or trial progress. Each regime allows different inferences, and the confidence 
intervals differ dramatically. 

4.3 Converting disclosures into comparable units 

If companies do not report procedure volume directly, we can still build bounded estimates by 
translating what they do report into a common set of operational units. The goal is not to 
pretend we know more than we do; the goal is to force comparability and expose which 
assumptions are doing the work. 

A practical approach is to standardize around three core quantities. 
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First is installed base and time in service. A system placed late in the year cannot contribute the 
same volume as a system in service all year. Any estimate should use system-months or system-
years rather than raw placements. This alone often changes the story, because “placements” 
are a flow measure while “installed base” is a stock measure. 

Second is utilization rate expressed as procedures per system per unit time. This is the heart of 
adoption. A hospital can own multiple robots and still run low utilization due to staffing, 
scheduling, or case mix. Conversely, a smaller installed base can generate high total volume if 
utilization is high. For comparability, procedures per system-year is often the single most 
informative normalization. 

Third is revenue-per-procedure logic for platforms with meaningful consumables. If a vendor 
discloses instrument and accessory revenue, one can approximate procedure volume by 
dividing that revenue by an estimated average consumables spend per case. This method is 
imperfect because consumables differ by procedure type, geography, and contract structure. 
But it can still yield a plausible range if the assumptions are stated and sensitivity-tested. 

To keep this honest, every conversion should include explicit guardrails. 

Define the unit. Are we counting a “case,” a “procedure,” or a “robot-involved subtask”? If a 
robot is used only for a portion of a procedure, the market may count it as a robotic procedure 
while a clinician might not. You must pick a definition and then stick to it across vendors. 

Normalize by case mix. A platform doing mostly complex pelvic surgery will not have the same 
throughput as one doing high-volume, standardized procedures. Procedures per system-year 
should be interpreted relative to the expected duration and complexity of the typical case mix. 

Track maturity stage. Early installations often run lower utilization as teams learn. Mature 
installations often run higher. A fair comparison should separate ramp-phase utilization from 
steady-state utilization. 

Use ranges, not point estimates. Inference is not measurement. The honest output is a band of 
plausible volumes with sensitivity to assumptions, not a single confident number. 

Once disclosures are converted into comparable units, the market becomes easier to read. You 
can ask operational questions rather than narrative questions: Is utilization rising? Is the case 
mix expanding? Are systems becoming “daily use” tools or occasional specialty tools? Are 
upgrades reducing setup time enough to move the throughput constraint? 

4.4 The denominator problem: total eligible procedures versus total procedures 

Even if we had perfect numerator data, we still face the denominator problem: what is the total 
addressable number of procedures that could reasonably be performed robotically? This 
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denominator is not fixed. It changes with clinical evidence, surgeon training, reimbursement 
incentives, device capabilities, and shifting standards of care. 

There are at least five denominators people implicitly use, often without realizing it. 

Total surgeries. This is the broadest denominator and usually the least informative, because 
most surgeries are not plausible robotic candidates due to time, access, or setting. 

Total minimally invasive surgeries. This is closer, but still incomplete because some open 
procedures could shift to minimally invasive with robotics, while some minimally invasive 
procedures may not benefit from robotics. 

Total robot-suitable surgeries under current capabilities. This is the operational denominator: 
procedures where a robot is technically feasible and logistically plausible in today’s ORs. 

Total robot-suitable surgeries under expanded indications and improved workflow. This is a 
forward-looking denominator that assumes learning curves flatten, platforms become easier to 
deploy, and indications broaden. 

Total robot-suitable surgeries under different care-site models. As procedures move toward 
ambulatory centers, the denominator changes again because some robotic systems are not yet 
optimized for that environment. 

This denominator instability has two major implications for forecasting. 

First, robotic penetration can appear to rise or fall depending on which denominator you 
choose. A stable count of robotic procedures can look like declining penetration if total 
surgeries rise. Rising robotic procedure counts can look like stagnant penetration if the eligible 
pool is expanding faster due to new indications. 

Second, growth rates are often misread because the eligible pool expands in steps. When a 
platform enters a new specialty or gains broader procedural acceptance, the denominator 
jumps. That can make volume growth look like sudden acceleration even if the underlying 
adoption dynamics are steady. 

A disciplined approach is to treat addressable volume as a layered structure, not a single 
number. 

Define a core eligible set. Procedures already widely performed robotically in routine practice. 

Define an adjacent eligible set. Procedures that are technically feasible and emerging but not 
yet routine everywhere. 

Define a speculative eligible set. Procedures that could become robotic candidates if platforms 
become easier, faster, cheaper, or if partial autonomy reduces skill bottlenecks. 
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Then track movement between layers over time. This avoids the false binary of “robotics is 
taking over” versus “robotics is hype.” The reality is layered diffusion. Robotic surgery tends to 
colonize procedure space by converting adjacent sets into core sets, case by case, hospital by 
hospital, specialty by specialty. 

In the end, procedure volumes are the most meaningful adoption metric, but they must be 
interpreted with care. The numerator is unevenly disclosed and sometimes inconsistently 
defined. The denominator is dynamic. The field becomes legible only when we normalize, infer 
with explicit assumptions, and keep a strict separation between what is measured, what is 
inferred, and what remains unknown. 

 

5. Growth Forecasting Without Fantasy: Scenarios for 2026–2035 

Forecasting surgical robotics is deceptively hard because the headline story (better technology) 
is not the binding constraint. The binding constraints are operational: training capacity, OR 
throughput, instrument logistics, capital budgets, reimbursement incentives, and uptime. The 
best forecasts therefore behave less like tech hype curves and more like capacity planning. 

A useful mental model is that annual procedure volume is the product of two moving parts: 

Annual robotic procedures = installed base x utilization per system 

Installed base grows through placements (net of retirements). Utilization grows through fluency, 
scheduling confidence, broader indications, and reduced per-case friction, but eventually hits 
ceilings determined by OR hours, staffing, and case mix. “AI features” matter insofar as they 
raise utilization (more cases per day) or expand addressable procedures (more case types can 
be done robotically), not because they sound futuristic. 

The purpose of scenarios is not to “predict the future.” It is to make assumptions explicit, test 
what the assumptions imply, and identify which levers would have to move for aggressive 
outcomes to become plausible. 

5.1 Short-horizon guidance and what it really measures 

Short-horizon guidance from leading vendors is often treated as a proxy for the whole market. 
That is a mistake. Guidance is typically a projection of near-term utilization and demand under 
known constraints, not a declaration of the long-run ceiling. 
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What short-horizon procedure guidance tends to reflect: 

Operations, not ideology. It’s usually anchored in what hospitals are already scheduled to do, 
what staffing can support, and what supply chains can deliver. It’s a statement about near-term 
throughput and demand. 

Installed-base maturity. A mature installed base can deliver stable growth even when new 
placements slow, because utilization rises as more surgeons become fluent and more 
procedures migrate onto the robot. 

Case-mix drift. If more robotic cases move into faster, higher-volume procedures, utilization can 
rise even without dramatic new technology. If growth is concentrated in longer, complex 
procedures, utilization can be capped by OR time. 

Comparable-year effects. Growth rates often reflect the prior year’s baseline. A year with 
unusually high growth makes the next year’s growth look “moderated” even if absolute volumes 
are still rising strongly. 

Conservatism and risk management. Public guidance is rarely a “best case.” It is typically 
designed to be defensible under uncertainty. That means it can understate upside when new 
capacity comes online mid-year, and it can overstate when training or staffing turns out to be 
tighter than expected. 

How to use guidance correctly: 

Treat it as a near-term anchor for a specific platform class, not as a market forecast. Use it to 
calibrate plausible utilization growth and to detect operational slowdowns or accelerations. 
Then build longer-horizon scenarios that incorporate capacity, training, and procurement 
dynamics rather than extrapolating one year forward in a straight line. 

5.2 Health-system plans as leading indicators of adoption 

Large health systems and national services sometimes publish explicit ambitions for robotic 
surgery expansion (for example, increasing annual robot-assisted operations by multiples over a 
decade). These plans are valuable because they reveal something vendor guidance often 
obscures: the demand-side intention to build capacity. 

Why these plans matter: 

They expose the true bottlenecks. Health systems rarely say “we will do more robotics because 
robots are cool.” They say “we will do more robotics because it helps reduce length of stay, 
improve throughput, standardize quality, address workforce strain, or compete for patients.” 
Those motives point to the operational levers that must move. 
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They imply procurement scale. A plan to expand volumes meaningfully implies new robots, new 
instruments, new service contracts, and often new OR buildouts or dedicated robotic rooms. 

They imply training scale. Big targets require training pipelines: surgeons, anesthesiologists, 
nursing, techs, sterile processing, and scheduling staff. Plans are therefore indirect signals of 
how much training infrastructure will be funded. 

Why these plans must be discounted (but not dismissed): 

Plans are not throughput. A target does not automatically create OR hours. Many systems 
discover that robotic expansion collides with staffing, theater time, and reprocessing capacity. 

Plans are not uniform reality. Some hospitals execute; others lag. Adoption is lumpy because 
local champions, local staffing, and local budget cycles differ. 

Plans can be politically shaped. Targets may be aspirational, intended to motivate 
modernization, and not all will be met on time. 

How to use them: 

Treat health-system plans as leading indicators of intent and capacity-building, not as 
guaranteed outputs. In scenario terms, they are best interpreted as “what a well-funded, well-
governed adoption push could plausibly accomplish,” assuming training and throughput 
constraints are actively addressed. 

5.3 Three scenarios: conservative, base case, aggressive 

Because global all-vendor procedure counts are not uniformly disclosed, the cleanest scenario 
anchor is the most transparently reported segment: soft-tissue robotic procedures on 
incumbent-style platforms (multi-port soft tissue). The numbers below are illustrative scenario 
outputs anchored to a 2025 baseline of roughly 3.15 million procedures and a 2026 step-up 
consistent with low-teens growth, then diverging growth profiles through 2035. The goal is not 
precision; the goal is plausibility under constraints. 

Assumptions (high level): 

Conservative scenario: adoption continues, but OR and staffing constraints bite; utilization gains 
slow; competition fragments some growth; growth decelerates over time. 

Base case: steady expansion in utilization and moderate installed-base growth; additional 
specialties and sites adopt; workflow improvements reduce friction; growth decelerates but 
remains robust. 

Aggressive scenario: sustained capacity buildout, strong training throughput, faster case times, 
and broader procedure migration; growth remains higher for longer before tapering. 
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Illustrative soft-tissue procedure projections (millions): 

Scenario 2026 2030 2035 

Conservative 3.59 4.98 6.60 

Base case 3.59 5.50 8.01 

Aggressive 3.59 5.91 9.43 

How to interpret these: 

These are not “the robotic surgery market.” They are a disciplined way to forecast one major 
segment with a known baseline. Total robot-assisted procedures across all categories (including 
orthopedics and spine/cranial) could be materially larger, but the same constraint logic applies: 
total volume will be bounded by installed base and utilization ceilings, and will likely follow an S-
curve by procedure type rather than a single smooth exponential. 

A practical extension for “total robotics” is to build a multi-segment scenario: 

Soft tissue: grows as above, driven by installed base and utilization. 

Orthopedics: often scales faster in procedure count because of high-volume standardized 
workflows and strong coupling to implant ecosystems, but it is also bounded by OR efficiency 
and service-line economics. 

Spine/cranial: grows with imaging integration and navigation adoption, often in specialist 
centers, with volume constrained by case mix and the precision-critical nature of the work. 

In the base case, you often see a pattern like this: soft tissue remains the narrative anchor, 
orthopedics becomes the volume accelerant, and spine/cranial becomes the precision frontier. 

5.4 Sensitivity analysis: what changes the curve most 

In robotics forecasting, the biggest errors come from treating “better tech” as the primary 
driver. The dominant sensitivities are operational. Small changes in these variables compound 
into large changes over a decade. 

OR throughput and minutes per case. A reduction of even 10 to 15 minutes per robotic case can 
increase daily capacity, reduce overruns, and make scheduling less fragile. Throughput is the 
most powerful growth lever because it increases utilization without requiring more robots. 

Training pipeline capacity. The limiting reagent is often not surgeons in the abstract, but trained 
teams: proctors, bedside assistants, nursing staff, and sterile processing competence. Training 
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capacity determines how quickly utilization can rise at new installs and how rapidly additional 
specialties can adopt. 

Uptime and service reliability. Downtime has an outsized effect because it breaks scheduling 
confidence. A platform with slightly better features but worse reliability can lose volume quickly 
because hospitals will not schedule cases onto a tool that might not be available. 

Instrument logistics and reprocessing capacity. Many hospitals discover that adoption is 
throttled by sterile processing, tray availability, and turnover time. Reprocessing constraints can 
cap utilization even when demand exists. 

Capital cost and financing models. Capex-heavy models slow diffusion in cost-constrained 
systems. Leasing, pay-per-use, shared-asset models, and service-line contracting can expand 
adoption by aligning cost with utilization. Financing innovation can move curves as much as 
technical innovation. 

Reimbursement and incentive alignment. If reimbursement implicitly rewards efficiency, shorter 
stays, or lower complication rates, robotics adoption can accelerate. If reimbursement is 
indifferent while costs rise, adoption slows or concentrates in premium centers. 

Procedure eligibility expansion. New indications and broader acceptance can expand the 
addressable pool in steps. This can create apparent “growth surprises” that are actually 
denominator shifts: more procedures become routinely robot-suitable, so volume jumps. 

Site-of-care shifts. As more procedures move to ambulatory settings, platforms that fit the 
ambulatory workflow can grow faster, while platforms optimized for large academic centers may 
face a utilization ceiling unless they adapt. 

Data and workflow integration. Integration with imaging, EMR workflows, scheduling, and 
analytics can reduce friction and variability. This is one of the most realistic pathways by which 
“AI” changes growth: not by autonomy headlines, but by making the OR run smoother and 
making outcomes more reproducible. 

The main takeaway: 

If you want a forecast that is less likely to be wrong by an order of magnitude, don’t argue about 
whether “AI will revolutionize surgery.” Argue about these sensitivities. Identify which 
constraints are being actively relieved (training, throughput, financing, uptime, sterile 
processing). The adoption curve will follow those constraints far more faithfully than it will 
follow marketing language. 
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In the next sections, we turn these sensitivities into an evaluation framework: which “AI” claims 
plausibly increase utilization, which plausibly expand eligibility, and which are mainly narrative 
gloss without a clear pathway to more safe procedures performed per year. 

 

6. Where the “AI” Actually Lives in Today’s Surgical Robotics 

The phrase “AI surgical robotics” often implies a robot that thinks like a surgeon and acts like a 
surgeon. That picture is not how modern surgical robotics is deployed. In today’s operating 
rooms, AI is rarely the primary actor. It is a layer of perception, guidance, workflow 
optimization, and safety monitoring wrapped around a surgeon-controlled mechanical platform. 
This distinction matters, because it tells you how progress will actually arrive: mostly as 
incremental improvements that reduce friction and variability, not as sudden leaps to full 
autonomy. 

A disciplined way to locate “AI” in current surgical robotics is to ask four questions: 

What does the system perceive that the human cannot perceive reliably at speed? 
What does the system predict that improves planning or reduces uncertainty? 
What does the system optimize that reduces operational friction? 
What does the system monitor to prevent errors and support safe fallback? 

These correspond to four AI “homes” in surgical robotics: intraoperative perception, patient-
specific planning, workflow intelligence, and safety layers. 

6.1 Computer vision, segmentation, and intraoperative scene understanding 

The most natural place for AI in robotic surgery is the video stream. Modern robotic systems 
already center the surgeon’s experience around an endoscopic view. That view is rich, 
continuous, and structured, which makes it ideal for computer vision. 

The first major capability is segmentation: separating anatomical structures from background 
tissue in a way that can be rendered as overlays or used for downstream planning. 
Segmentation can range from simple identification of organ boundaries to more clinically 
relevant tasks like distinguishing vascular structures, ducts, nerves, and tissue planes. Even 
partial segmentation can reduce cognitive load by helping the surgeon confirm what they are 
seeing, particularly in distorted anatomy or inflamed fields where “normal landmarks” are 
unreliable. 

The second capability is intraoperative scene understanding: determining “what phase of the 
procedure” is occurring and what tools and structures are present. This enables a range of 
practical features. The system can anticipate instrument needs, suggest camera repositioning, 
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standardize step transitions, and auto-generate structured operative notes. It can also support 
training by providing feedback about technique and efficiency in a way that is not purely 
subjective. 

The third capability is measurement: distances, angles, and geometry in the surgical field. Visual 
estimation is imperfect, especially when fatigue, blood, smoke, lens contamination, or difficult 
angles degrade visibility. AI-assisted measurement can help with suture spacing, staple line 
planning, resection margins, and consistent port placement. The point is not that the system 
replaces judgment, but that it can provide stable quantitative cues when the human eye is 
forced to approximate. 

The fourth capability is recognition of adverse conditions: identifying bleeding patterns, smoke 
occlusion, lens fogging, unexpected instrument trajectories, or tissue stress cues visible in the 
video. These are early building blocks for safety monitoring. In many domains, anomaly 
detection begins not with “understanding everything,” but with “detecting when the current 
state differs sharply from typical safe cases.” 

Where this vision layer is most valuable is not in making grand decisions, but in improving the 
micro-accuracy of perception and reducing the variability of interpretation. The surgeon’s intent 
remains central, but the system can improve what is seen, what is emphasized, and what is 
measurable. 

A key caveat is that vision in surgery is adversarial to AI in a very specific way: the environment 
changes constantly. Lighting varies, fluids obscure, tissue deforms, instruments enter and exit 
frame, and surgeons have idiosyncratic workflows. This is why robust surgical vision is hard and 
why many “AI demos” do not translate cleanly into broad clinical deployment. If a vision feature 
cannot tolerate messy reality, it will not survive routine use. 

6.2 Planning, navigation, and patient-specific models 

The second major home of AI is planning and navigation. Here the core goal is to reduce 
uncertainty before the first incision and to maintain orientation during the procedure. 

Planning begins with patient-specific models derived from imaging. In orthopedics and spine, 
CT-based models are foundational; in soft tissue, CT/MRI can guide approach planning and risk 
estimation. AI enters by automating segmentation and landmark detection, which historically 
required manual effort and expertise. The less labor required to generate high-quality models, 
the more scalable patient-specific planning becomes. 

In robotic navigation contexts, AI can improve registration and tracking robustness. Registration 
is the alignment between the preoperative model and the patient’s real intraoperative anatomy. 
Drift or error in registration can undermine everything. AI can help detect registration failure 
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modes, compensate for deformation, and identify when the system’s confidence should drop. A 
navigation system that knows when it is uncertain is safer than one that silently proceeds. 

Patient-specific modeling also supports predictive planning: anticipating difficulty, estimating 
time, and tailoring resource allocation. Even modest improvements here matter operationally. If 
a system can better predict case complexity, hospitals can schedule more efficiently, allocate 
staffing appropriately, and reduce overruns that cascade into cancellations. 

There is also a clinically meaningful future direction: combining imaging-based models with 
intraoperative vision to update models in real time. Soft tissue deforms, and static preoperative 
models can be misleading mid-case. A hybrid model that continuously reconciles preoperative 
imaging with live video could reduce surprises and improve precision in resections and 
dissection planes. This is one of the plausible pathways toward “higher autonomy” in a bounded 
sense: not autonomy of action, but autonomy of model updating and guidance. 

A practical constraint is integration. Planning and navigation only become routine when they fit 
into pre-op workflows and OR setup without imposing new burdens. If a patient-specific plan 
requires extra imaging, extra staff time, or delayed scheduling, it can slow adoption even if it is 
clinically valuable. The “AI” that wins is often the AI that removes a step rather than adding one. 

6.3 Workflow intelligence: OR efficiency, staffing, and scheduling 

The third home of AI is not inside the patient at all. It is in the operating room as a socio-
technical system. 

Robotic surgery is frequently constrained by logistics: room setup, docking, instrument 
availability, sterile processing capacity, turnover time, team familiarity, and scheduling stability. 
Many of the most impactful “AI gains” will therefore appear as workflow intelligence: software 
that makes the OR behave more predictably. 

There are several levels to this. 

At the scheduling level, AI can improve estimates of case duration by learning from prior cases, 
surgeon patterns, patient factors, and procedure mix. Better estimates reduce overruns, reduce 
idle time, and increase the number of cases that can be safely scheduled in a day. This is not 
glamorous, but it is one of the most powerful volume levers because it increases utilization 
without buying another robot. 

At the staffing level, AI can forecast when specialized robotic teams are needed, identify 
bottlenecks in staffing coverage, and help allocate training resources. A hospital often has plenty 
of nurses, but not enough nurses comfortable with robotic workflows on every shift. The 
limiting factor becomes not headcount but competence distribution. AI-guided staffing analytics 
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can identify where competence is brittle and where cross-training yields the highest operational 
return. 

At the supply and sterile processing level, AI can manage instruments and trays: predicting 
turnover needs, preventing missing instruments, and optimizing reprocessing cycles. 
Reprocessing constraints can throttle volume even when surgeons and OR time are available. A 
system that keeps instrument logistics smooth can raise utilization dramatically. 

At the documentation level, AI can generate structured operative notes, case summaries, and 
coding suggestions. The time saved here is not intraoperative, but it reduces clinician burden 
and improves billing accuracy. It also helps with quality measurement because it standardizes 
what is recorded. 

This workflow intelligence layer is where “AI in surgery” can make the largest near-term impact 
because it attacks the real bottlenecks. It is also where the benefits are easiest to verify: fewer 
delays, fewer cancellations, tighter schedules, higher utilization, and lower variability. 

6.4 Safety layers: constraint enforcement, anomaly detection, and fail-safes 

The fourth home of AI is safety. In a domain where autonomy is sensitive and liability is real, AI 
will often be adopted first as a safety monitor rather than as an autonomous actor. 

Safety layers can be framed in three categories. 

Constraint enforcement: systems that prevent motion outside safe envelopes. In orthopedics, 
constraint-based cutting or drilling already acts as a safety feature by bounding the instrument. 
In soft tissue, constraint enforcement is harder because anatomy is deformable and safe zones 
shift. But there is still room for constraints at the level of instrument collision avoidance, 
workspace boundaries, and “soft constraints” that provide resistance or warnings rather than 
hard stops. 

Anomaly detection: systems that detect when something is deviating from typical safe patterns. 
This can be applied to instrument trajectories, force signatures (where available), video-based 
cues (unexpected bleeding, tissue tearing risk, loss of view), and workflow patterns (unexpected 
step transitions that correlate with error). Importantly, anomaly detection does not require full 
understanding. It requires sensitivity to “this looks unlike safe cases,” which can be sufficient to 
trigger a pause, a check, or heightened attention. 

Fail-safes and fallback: the system must have a credible story for what happens when 
uncertainty rises. The safety problem is not only “avoid errors,” but “recover gracefully.” That 
means safe stop procedures, clear handover to the surgeon, and robust logging for post-
incident analysis. In practice, a safety feature is only valuable if it fits the surgeon’s workflow 
and does not produce so many false alarms that it is ignored. 
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This is where AI claims can be most misleading. A vendor may describe a safety feature as “AI-
powered” without specifying performance: sensitivity, specificity, false alarm rate, and the exact 
conditions under which it is expected to work. In a safety-critical environment, these are not 
details; they are the feature. 

A good reader’s test is to demand two numbers and one protocol. 

Two numbers: how often does it detect true problems, and how often does it distract with false 
alarms? 
One protocol: what exactly happens after an alert, and who is responsible for the next action? 

If those cannot be answered, the “AI safety” claim is not operational. 

Taken together, these four homes of AI explain the likely trajectory of surgical robotics. The 
near-term frontier is not “robot surgeon autonomy.” It is higher reliability perception, more 
scalable planning, OR workflow optimization, and safety monitoring that reduces errors and 
variability. Over time, these layers can enable bounded autonomy in subtasks, but the path is 
constrained by verification and fail-safe design, not by marketing momentum. 

In the sections that follow, we treat these AI components as levers: which ones increase 
utilization, which expand eligibility, which plausibly improve outcomes, and which are mainly 
narrative garnish. 

 

7. Clinical Value: Outcomes, Complications, and Patient Benefit 

A sober discussion of surgical robotics must treat clinical value as the central question rather 
than as a footnote to market growth. Procedure volumes and installed base matter, but they are 
not self-justifying. A robot can spread because it is profitable, because it is a competitive 
differentiator, or because it is operationally convenient. Those reasons may correlate with 
patient benefit, but they are not equivalent to patient benefit. The clinical question is therefore 
not “Is robotics good?” The question is “For which patients, for which procedures, in which 
hands, under which operating-room constraints, and at what cost do robot-assisted approaches 
deliver net benefit?” 

This section frames clinical value as a hierarchy, explains why procedure selection is crucial, 
clarifies the effect of learning curves and surgeon variability, and then addresses the evidence 
base: what we can conclude with confidence, what remains contested, and why the strongest 
claims must be procedure-specific rather than general. 
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7.1 The outcomes hierarchy: what matters clinically and economically 

Clinical value in surgery is multi-dimensional, and different stakeholders weight dimensions 
differently. A patient cares about recovery, pain, and long-term function. A surgeon cares about 
precision, complications, and reproducibility. A hospital cares about length of stay, 
readmissions, throughput, and cost per case. A payer cares about total cost of care, revisions, 
and complication-driven downstream spending. Because these incentives can diverge, it is easy 
for robotic surgery to “look valuable” on one axis while being neutral or negative on another. A 
hierarchy of outcomes helps prevent that confusion. 

At the top of the hierarchy are hard patient outcomes. These include mortality, major 
complications (bleeding requiring transfusion, infection, organ injury), readmissions, 
reoperations, long-term function, and cancer-specific outcomes where relevant (margin status, 
recurrence, survival). Hard outcomes are the most important and the hardest to move. Surgery 
is already a domain where skilled clinicians achieve excellent results. The headroom for 
dramatic improvements is often smaller than marketing implies. 

In the middle are recovery and morbidity outcomes. These include pain, time to return to 
normal activity, length of stay, postoperative nausea, wound complications, minor infections, 
and quality-of-life measures. These outcomes matter greatly to patients and can show 
improvement even when hard outcomes do not. A minimally invasive approach that reduces 
trauma can deliver meaningful recovery benefits even if mortality and major complication rates 
are unchanged. 

Next are process and precision outcomes. These include blood loss, conversion rates (e.g., 
minimally invasive to open), operative time, margin consistency, alignment metrics in 
orthopedics, and intraoperative error rates. Process outcomes are often where robotics shows 
early advantages because precision and visualization improvements are direct. The risk is 
mistaking process improvements for patient benefit without evidence that they translate into 
fewer complications or better long-term outcomes. 

At the bottom, but still important, are operational outcomes. These include OR time, turnover 
time, staffing stability, instrument availability, and scheduling reliability. Operational outcomes 
often determine whether a platform becomes sustainable. Importantly, operational 
improvements can matter clinically in indirect ways: fewer delays reduce case cancellations, 
better scheduling reduces fatigue and rushed work, and stable teams reduce errors. 

A key point is that the “economic outcome” is not separate from clinical outcomes. Length of 
stay, complications, and readmissions are both clinical realities and economic drivers. The most 
robust value cases are those where clinical improvement and economic savings align. The 
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weakest are those where economic benefit depends on marketing-driven volume increases 
rather than on outcome improvement or throughput gains. 

7.2 Procedure selection: where robotics helps most versus least 

Robotics is not a universal upgrade. Its value depends strongly on procedure characteristics. 

Robotics tends to help most in procedures that combine three properties: constrained space, 
high dexterity requirement, and high consequence of small errors. Pelvic surgery is a canonical 
example because the space is confined, anatomical structures are delicate, and visualization and 
instrument control can be limiting factors in conventional minimally invasive approaches. 
Complex suturing, precise dissection near nerves and vessels, and the need for stable camera 
control all create opportunities for robotic advantage. 

Robotics also helps where minimally invasive approaches are otherwise difficult to maintain. In 
some cases, robotics can reduce conversion to open surgery by making minimally invasive 
approaches more feasible for a broader range of patients or anatomies. If robotics reduces 
conversions meaningfully, that can translate into recovery benefits, since open procedures 
typically increase trauma and length of stay. 

In orthopedics, robotics tends to help in procedures where geometric precision and 
reproducibility matter. Alignment, implant positioning, and resection accuracy are measurable 
targets. Even if long-term benefits are debated in some contexts, reduced outlier rates and 
improved consistency can be valuable, especially if they reduce revision risk or improve early 
function. 

Robotics may help least in procedures that are already fast, simple, and well-performed with 
conventional techniques, especially when robotic setup adds time or complexity. When a 
procedure is short, the fixed overhead of robotic docking, instrumentation, and setup looms 
larger. In these cases, the robot can be an expensive way to do a problem that is not constrained 
by dexterity or visibility. 

Robotics may also help less when the limiting factor is not instrument control but diagnosis, 
decision-making, or patient selection. If outcomes depend primarily on clinical judgment rather 
than mechanical execution, robotics will not necessarily move the needle. 

This leads to a crucial operational rule: the same robot can be high-value in one procedure and 
low-value in another. A hospital’s robotics ROI and clinical reputation often depend on aligning 
robotic use with procedures where benefit is plausible and then building depth of expertise, 
rather than spreading robotics thinly across procedures where it adds little but cost. 
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A mature robotics program therefore behaves like a portfolio manager. It selects procedures 
strategically, grows volume where benefits are strongest, monitors outcomes, and iterates 
based on data rather than assuming that “more robotics” is always better. 

7.3 The learning curve and surgeon variability 

One of the most underappreciated determinants of robotic surgery outcomes is not the robot, 
but the distribution of human skill and team proficiency. 

Robotic surgery has a learning curve for the surgeon and a separate learning curve for the OR 
team. These curves interact. A surgeon can be technically fluent but slowed by an inexperienced 
team. A team can be excellent, but the surgeon may still be learning how to translate their 
intent through the robotic interface. The result is that early outcomes and early case times are 
often worse than steady-state outcomes, not because the technology is inferior, but because 
the socio-technical system is still forming. 

Learning curves create several predictable distortions in the evidence. 

Early adopter bias. The surgeons who adopt robotics early are often high performers, highly 
motivated, and supported by strong institutions. Their results may not generalize to average 
settings. Robotics can look better in early studies because the human distribution is skewed. 

Selection bias in case mix. Early robotic cases may be carefully selected, avoiding high-risk 
patients and difficult anatomies. This makes early outcomes look favorable but can understate 
the true challenges of routine deployment. 

Nonlinear improvement. Learning is not smooth. Teams often show step-changes in efficiency 
after a threshold number of cases. This means that program-level outcomes are not simply the 
sum of individual surgeon learning curves; they depend on institutional volume and team 
stability. 

Surgeon variability. Even after learning, surgeons differ. Some will use robotics to expand 
minimally invasive approaches safely. Others may use it for marginal cases where benefit is 
unclear. Some will achieve faster case times; others will remain slow. The distribution matters 
because hospitals care about throughput and predictability. 

These realities imply that “the robot’s clinical value” is inseparable from training systems. A 
platform becomes clinically valuable at scale when it comes with a credible ladder of 
competence: structured training, simulation, proctoring, credentialing, and team-based 
repetition that drives steady-state performance. 

This also reframes the autonomy conversation. If we ever want robotics to diffuse expertise 
rather than concentrate it, the path likely runs through assistance features that reduce 
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variability and through training analytics that make competence more reproducible, rather than 
through speculative visions of robots replacing surgeons. 

7.4 Evidence quality: registries, RCTs, and real-world data 

The evidence base for robotic surgery has improved over time, but it remains uneven across 
procedures. The strongest conclusions are procedure-specific and context-specific. The weakest 
are sweeping claims about “robotic surgery” as a single phenomenon. 

Randomized controlled trials (RCTs) are the gold standard for causal inference, but they are hard 
in surgery. Surgeons cannot be blinded, learning curves can distort outcomes, and the 
comparison is often between two complex skill-dependent interventions rather than between a 
drug and placebo. RCTs can still be valuable, especially for standardized procedures, but they 
tend to be limited in scope and slow to accumulate. 

Registries provide breadth and real-world representativeness. Large registries can capture 
thousands or millions of cases across diverse institutions, enabling detection of rare 
complications and analysis of outcomes across practice styles. The drawback is confounding: 
hospitals that use robotics may differ systematically from those that do not, and patient 
selection may differ. Statistical adjustment helps but cannot fully eliminate bias. 

Real-world data from electronic health records and claims can support cost and utilization 
analyses and can reveal patterns over time. But these datasets often lack clinical granularity. A 
claims database may know that a procedure occurred and that a complication was billed, but 
not the technical nuance that would explain why. 

Meta-analyses and systematic reviews can synthesize evidence, but they inherit the limitations 
of their inputs. If the literature is dominated by heterogeneous studies with different definitions 
of outcomes, different surgeon experience levels, and different patient selection patterns, the 
pooled result can obscure rather than clarify. 

A particularly important evidence frontier is intraoperative telemetry and video-based analytics. 
Robotic platforms generate data that could, in principle, enable objective measurement of skill, 
error modes, and procedural variance. If deployed ethically and responsibly, such analytics 
could improve training, reduce variability, and strengthen causal inference about what actually 
changes outcomes. But this requires careful governance: privacy, consent, data quality, and 
avoidance of punitive surveillance that would poison clinician trust. 

How to read evidence responsibly: 

Demand procedure specificity. A claim must specify the procedure, the comparator, the surgeon 
experience level, and the setting. 
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Separate process outcomes from patient outcomes. Improved alignment or reduced blood loss 
matters, but the question is whether it translates into fewer complications, better function, or 
lower total cost. 

Account for learning curves. Studies should specify surgeon experience and program maturity, 
or at least acknowledge that early adoption differs from steady-state deployment. 

Treat “robotic surgery” as a family of interventions. Evidence that robotics helps in one domain 
does not automatically generalize to another. 

In the end, the clinical value of surgical robotics is real but conditional. It appears strongest 
where dexterity, visualization, and precision are limiting factors in conventional minimally 
invasive approaches, and where the program has enough volume to reach steady-state 
proficiency. It is weakest where procedures are already fast and well-performed without 
robotics, where robotic overhead is large relative to case complexity, or where adoption is 
driven more by marketing than by measurable benefit. The next decade’s clinical story will not 
be written primarily by autonomy headlines. It will be written by whether robotics can reliably 
improve outcomes, reduce variability across surgeons and sites, and deliver those benefits at a 
sustainable cost while keeping the OR running smoothly. 

 

8. Economics: The Business Model Behind the Robot 

Robotic surgery is often narrated as a technology story, but it is ultimately an economics story. 
Hospitals do not adopt capital-intensive platforms because they are impressed; they adopt 
them because the platform can be made to work operationally and financially. Likewise, vendors 
do not dominate because a robot is “smart,” but because their economic model aligns with the 
way hospitals buy equipment, schedule operating rooms, manage service-line competition, and 
pay for supplies. 

The economics of surgical robotics is unusually revealing because it fuses three logics that are 
often separated in medicine: capital equipment acquisition, consumables-driven recurring 
revenue, and throughput-constrained operations. That fusion creates a distinctive adoption 
pattern. Early adoption can occur for prestige and differentiation, but long-run diffusion 
depends on utilization. A robot that is used rarely becomes a cost sink; a robot that becomes 
routine can function as a productivity and service-line platform. The difference is not primarily 
technical. It is the difference between a system that fits the hospital’s operational constraints 
and one that remains a boutique asset. 
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This section breaks down the core economic mechanics: capital purchase versus utilization-
driven ROI, the recurring revenue stack, cost per case and reimbursement realities, and the 
competitive contracting dynamics that shape which platforms scale. 

8.1 Capital purchase versus utilization-driven ROI 

The first economic decision is the capital purchase itself. Robotic systems are expensive not only 
in acquisition price but also in the ancillary costs they pull in: room modifications, IT integration, 
staff training, credentialing workflows, and in some cases changes to sterile processing capacity 
and instrument inventory. 

Hospitals therefore evaluate robots through a utilization lens even when they do not explicitly 
say so. The most important question is not “How much does the robot cost?” but “How many 
cases will we run through it per year, and what is the net benefit per case once we include all 
incremental costs and savings?” 

A useful framework for ROI in robotic surgery has three layers: 

Direct case economics. Does a robotic approach reduce length of stay, reduce complications, 
reduce readmissions, or reduce conversion-to-open rates enough to offset incremental per-case 
costs? In many settings, direct savings may be modest or procedure-dependent. If the case 
economics are neutral, the robot must win through throughput or revenue capture. 

Throughput economics. Does robotics allow the hospital to perform more cases with the same 
OR capacity by reducing variability, improving scheduling predictability, or enabling minimally 
invasive approaches that shorten hospital stays and free beds? Throughput is often the hidden 
lever. A hospital that can add even one extra case per day in a high-demand service line can 
justify substantial capital spend. 

Strategic economics. Does robotics attract referrals, retain surgeons, differentiate the service 
line, and prevent patient leakage to competing hospitals? This is the most controversial layer 
because it can be real in competitive markets while being invisible to payers. Hospitals often 
experience robotics as a competitive necessity even when the direct clinical-economic case is 
not overwhelming. 

The uncomfortable truth is that robotic ROI is often utilization-driven rather than outcome-
driven in a narrow sense. Hospitals frequently justify robotics by the ability to shift case mix, 
expand minimally invasive offerings, and compete for patient volume. That is not necessarily 
bad if patient outcomes remain strong. But it does mean that adoption can grow even when the 
evidence for major outcome superiority is mixed, because the hospital’s economic environment 
rewards capacity and differentiation. 
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This is why utilization is such a critical metric. A robot’s economic success is determined less by 
the purchase event and more by the daily scheduling reality that follows. Many robotics 
programs “fail” not because the technology is poor, but because utilization never reaches the 
level required to amortize the system while sustaining team fluency. 

8.2 Recurring revenue: instruments, accessories, and service 

The second economic pillar is recurring revenue. Soft-tissue robotics especially behaves like a 
platform-plus-consumables business. The hospital buys the robot, then pays per case through 
instruments and accessories, and pays annually through service contracts. 

This recurring stack has deep implications. 

For vendors, recurring revenue creates durability and funds the long-term support 
infrastructure that hospitals require. In a safety-critical domain, reliability is an adoption feature. 
Service networks, rapid replacements, instrument availability, and training resources are 
expensive to maintain. Recurring revenue underwrites that capability. 

For hospitals, recurring costs shift decision-making from capex to per-case economics. A robot 
may be purchased through a capital budget, but its long-run affordability is determined by per-
case instrument costs, accessory consumption, reprocessing complexity, and service pricing. 

The recurring model also creates a strategic lock-in dynamic. Once a hospital commits to one 
platform, it builds workflows, training, inventory, and service relationships around it. This raises 
switching costs. Switching is not only “buying a different robot.” It is retraining teams, rebuilding 
instrument inventories, rewriting OR processes, and sometimes accepting temporary 
throughput disruption. These switching costs can protect incumbents even when challengers 
offer competitive features. 

There is, however, a counter-dynamic: hospital systems increasingly seek leverage over 
recurring costs. They may negotiate volume-based discounts, multi-year pricing caps, bundled 
service terms, or systemwide standardization agreements. As robotics spreads, procurement 
becomes more sophisticated. Over time, recurring margins can come under pressure, especially 
if credible competitors increase pricing alternatives. 

From a market perspective, recurring revenue is one of the strongest signals that robotics is not 
a “one-time device sale” industry. It is a service-platform industry. The winning vendors will be 
those who can keep hospitals scheduling cases reliably while making the per-case cost and 
service reliability acceptable. 
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8.3 Cost per case, reimbursement, and the pressure to increase throughput 

The third pillar is the brutal arithmetic of cost per case under reimbursement constraints. 

Hospitals experience robotics as a per-case cost increase unless it produces compensating 
savings. These costs can include: 

Instrument and accessory consumption. The more specialized and single-use the instrument 
set, the higher the variable cost. 

OR time. If robotic cases are longer, the cost is not merely staff time; it is opportunity cost. A 
longer case can displace another case. 

Training and proctoring. Early adoption consumes time and resources that do not show up 
neatly on a per-case invoice but are very real. 

Maintenance and service. Annual contracts and uptime-related costs are part of the platform’s 
variable economics over time. 

To justify these costs, hospitals lean on compensating mechanisms: 

Shorter length of stay. Even a modest reduction can free beds and reduce inpatient costs. 

Lower complications and readmissions. These matter clinically and economically, especially 
under value-based payment models. 

Better scheduling and reduced variability. Predictability reduces overtime, reduces 
cancellations, and increases daily case throughput. 

Service-line growth. If robotics attracts more patients, the fixed costs are spread across more 
cases, improving margin per case. 

Reimbursement is the forcing function. In many payment environments, reimbursement does 
not automatically increase because a robot was used. Hospitals must therefore make the robot 
“pay for itself” through operational and strategic effects rather than through higher per-case 
reimbursement. 

This creates a strong pressure to increase throughput. The hospital’s incentive is to move from 
“robot as special event” to “robot as routine.” Routine use reduces setup time, reduces 
instrument mistakes, and increases team fluency. A mature program’s economic performance 
often depends on whether it can run robotic cases without extending the day or causing 
schedule chaos. 

This is also where “AI” features matter economically. Workflow intelligence that reduces docking 
time, improves case duration prediction, reduces instrument errors, or automates 
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documentation can change economics more than a dazzling autonomy demo. The technologies 
that increase cases per day, reduce overruns, and keep the schedule stable are the technologies 
that directly move the ROI curve. 

8.4 Competitive dynamics: pricing, bundling, and contracting 

The final pillar is competition, and competition in robotics is rarely a simple price war. It is a 
contracting and ecosystem war. 

Incumbents benefit from switching costs and installed-base inertia, but challengers can attack 
through contracting creativity and bundling strategies. 

Bundling with broader medtech portfolios. A large vendor can bundle robotics with stapling, 
energy devices, implants, or other OR products. This can reduce procurement friction and allow 
the hospital to negotiate systemwide terms rather than negotiating robotics in isolation. 
Bundling can also be a way to subsidize robotics placements while capturing margin elsewhere. 

Leasing, pay-per-use, and risk-sharing models. Challengers may offer economic models that 
align cost with utilization, reducing the hospital’s capex burden. Pay-per-use can be especially 
attractive for hospitals uncertain about volume ramp, because it reduces downside risk. Risk-
sharing models can also tie payments to utilization or uptime. 

Service terms and uptime guarantees. In a domain where downtime is intolerable, service can 
be a differentiator. Contractual uptime commitments, rapid replacement, and local service 
capacity can influence adoption as strongly as price. 

Systemwide standardization contracts. Large health systems may choose a single platform for 
standardization to reduce training complexity and leverage volume discounts. These deals can 
create large step-changes in market share in certain regions or systems. 

Instrument pricing and reprocessing economics. Some platforms may differentiate not by robot 
price but by per-case cost structure: instrument longevity, accessory pricing, and reprocessing 
complexity. Over time, procurement teams become more sophisticated about total cost of 
ownership and can shift volume based on variable cost advantages. 

The competitive dynamic is therefore a battle over the hospital’s two ledgers: the capex ledger 
and the utilization ledger. Vendors that can reduce adoption friction, improve utilization, and 
offer favorable total cost of ownership will win placements. Vendors that can ensure reliability, 
instrument availability, and stable workflows will win volume. These are not the same contest. 
Winning placements without winning utilization creates “museum robots.” Winning utilization is 
the real prize. 
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The economic bottom line is that surgical robotics is a platform business constrained by hospital 
operations. Technology matters, but the economics of utilization, recurring costs, throughput, 
and contracting determine which technologies become routine. The future of the field will be 
shaped less by who can tell the most futuristic story and more by who can make the robot 
economically and operationally boring: reliable, predictable, cost-justifiable, and embedded in 
daily practice. 

 

9. Constraints That Will Shape the Next Decade 

The most misleading mental model in surgical robotics is that progress will be driven primarily 
by technical innovation and then “adopted” as a secondary step. In reality, adoption is the 
innovation bottleneck. The operating room is a constraint-saturated environment: time is 
scarce, staffing is fragile, instrument logistics are unforgiving, safety standards are high, and 
liability is real. The next decade will therefore be shaped by whether robotics can relieve these 
constraints rather than merely add capabilities. The winning platforms will not be the ones with 
the most futuristic features; they will be the ones that fit the physical and institutional realities 
of hospitals while maintaining safety and reliability. 

This section names the four constraints that most reliably determine whether robotic surgery 
can scale: training and credentialing capacity, throughput and sterile processing, data 
governance and interoperability, and regulatory and liability realities that slow autonomy. 

9.1 Training capacity, credentialing, and workforce adoption 

Robotic surgery does not scale like software because it requires people to become competent in 
a new operational regime. Even if a robot were provided at zero cost, volume would not 
magically increase unless hospitals could train and staff teams to run cases confidently and 
repeatedly. 

The training constraint has three layers. 

Surgeon skill acquisition. Surgeons must learn not only instrument control, but also a different 
ergonomics and visualization relationship to the operative field. In soft tissue, this includes 
console skill, instrument swapping discipline, and a refined sense of tissue handling through 
indirect cues. In orthopedics and spine, it includes planning workflows, registration, navigation 
discipline, and acceptance of constraint-based execution. 

Team choreography. The bedside assistant, scrub nurse, circulating nurse, anesthesia team, and 
sterile processing staff all change their routines for robotic cases. In many programs, the team 
learning curve is as important as the surgeon’s. A robot does not fail in the OR only because of 
technical issues; it fails because a team cannot execute a reliable routine under time pressure. 
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Institutional memory and turnover. Hospitals face staffing turnover, rotating trainees, and 
uneven coverage across shifts. A robotics program is brittle if competence lives in a small 
number of champions. Scaling requires distributed competence: multiple surgeons, multiple 
bedside assistants, multiple nurses, and backup staffing models. 

Credentialing and privileging add friction. Hospitals must define what constitutes competence, 
how many proctored cases are required, how often cases must be performed to maintain 
privileges, and what outcomes monitoring is required. These rules vary widely. Too lax, and 
safety is threatened. Too strict, and adoption is throttled. The next decade will likely see 
credentialing become more standardized, with greater emphasis on simulation, objective skill 
metrics, and team-based training rather than informal mentorship. 

A further constraint is that robotic surgery competes for attention in a saturated workforce. 
Surgeons and staff are already under strain. A platform that increases cognitive load, adds setup 
steps, or requires frequent troubleshooting will face adoption resistance even if it promises 
future benefits. Conversely, a platform that reduces workload, reduces variability, and feels 
predictable will be adopted more readily. In this sense, “workforce adoption” is less about 
enthusiasm and more about whether the robot makes a hard job feel easier rather than harder. 

9.2 OR time, sterilization, turnover, and throughput ceilings 

The operating room is the scarcest resource in many hospitals. Robotic surgery’s growth will be 
bounded by OR time and by the hidden infrastructure that makes OR time usable. 

The throughput constraint has four components. 

Case duration. Robotic cases can be longer or shorter depending on procedure, surgeon 
experience, and system design. Even when clinical outcomes are strong, long case times cap 
volume. This creates a structural pressure to reduce setup time, docking time, instrument 
swaps, and intraoperative delays. 

Turnover and room setup. Many robotic “time penalties” are not within the incision-to-closure 
window but in setup and turnover: positioning, draping, docking, system checks, and 
instrument availability. These steps are often distributed across multiple staff roles, and 
inefficiency compounds. Small delays here are volume killers because they cascade into 
schedule overruns and late starts. 

Sterile processing and instrument reprocessing. This is one of the most underestimated 
constraints. Instruments must be cleaned, sterilized, and returned reliably. If reprocessing cycles 
are slow, if instrument sets are too small, or if staff capacity is limited, a hospital can hit a 
utilization ceiling even when the OR and surgeons are available. The “robotics bottleneck” 
becomes a sterilization bottleneck. 
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Supply chain and inventory management. Missing instruments, delayed accessories, and 
unexpected maintenance events can undermine scheduling confidence. Hospitals react to 
fragility by scheduling fewer robotic cases than demand would support, because they cannot 
risk cancellations or long delays. 

Together, these factors produce a throughput ceiling. A program can have demand and still 
plateau because the physical and logistical pipeline cannot support additional cases. This is why 
the next decade’s most valuable “AI” may be mundane: better scheduling prediction, better 
instrument logistics, better turnover optimization, and earlier detection of maintenance needs. 
These features raise utilization without requiring more robots. 

A crucial insight is that robotics is often adopted in waves: initial enthusiasm, a plateau when 
throughput constraints bite, then renewed growth after workflow redesign and capacity 
investment. The programs that break through plateaus are those that treat robotics as an OR 
operations project, not merely a surgical technique. 

9.3 Data governance and device interoperability 

Surgical robotics is becoming an information-rich environment: video streams, instrument 
motion logs, device status data, and potentially analytics about performance and outcomes. 
This data could accelerate progress, but it also raises governance and interoperability 
constraints that will shape the next decade. 

Data governance has three hard problems. 

Ownership and consent. Who owns intraoperative video and telemetry? The hospital? The 
surgeon? The patient? The vendor? Different stakeholders have strong claims. Patients 
increasingly expect transparency and privacy. Surgeons worry about punitive surveillance and 
litigation exposure. Vendors want data to improve products. Without clear governance, data 
access becomes contentious and limited. 

Privacy and security. OR video and telemetry can contain sensitive information. Cybersecurity in 
medical devices is already a major concern, and robotics adds new attack surfaces. Robust 
security is not optional; it is a scaling prerequisite. 

Secondary use and trust. Even if data is collected, how it is used matters. If analytics are used to 
punish clinicians, adoption will face cultural resistance. If data is used to improve training and 
safety in a supportive way, adoption may accelerate. Trust is a growth constraint. 

Interoperability compounds the governance problem. Robotics systems often sit in complex 
device ecosystems: imaging systems, navigation systems, EMR documentation, scheduling 
systems, sterilization tracking, and supply chain platforms. If robots cannot integrate smoothly, 
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they impose “integration tax” on hospitals. That tax shows up as manual workarounds, 
inconsistent documentation, and errors. 

The next decade will likely be shaped by whether robotics platforms become more open, more 
interoperable, and more standardized in how data is exported and integrated. Hospitals 
increasingly want ecosystem coherence, not isolated devices. Platforms that reduce integration 
tax—through standards, APIs, and well-supported integrations—will gain an adoption edge. 

But interoperability can be politically difficult. Vendors may prefer closed ecosystems because 
they capture recurring revenue and reduce competitive substitution. Hospitals prefer openness 
because it reduces lock-in and increases operational flexibility. This tension will shape 
contracting, regulation, and the pace at which AI-enabled analytics can be deployed at scale. 

9.4 Regulation and liability: why autonomy advances slowly in surgery 

If one asks why autonomy will advance slowly in surgery compared to some other domains, the 
answer is not “lack of imagination.” It is regulation and liability interacting with the moral 
structure of medicine. 

Surgery is a domain where agency matters. A surgeon is not only a technician; the surgeon is 
morally and legally responsible. Any move toward autonomy implies a shift in agency, and shifts 
in agency are difficult to regulate because they change who is accountable when things go 
wrong. 

Regulation in this domain is inherently conservative for good reasons. The threshold for 
evidence is high because harms are high and because failures can be immediate and 
irreversible. Regulators also tend to prefer bounded claims: a device cleared for a specific 
indication under specific conditions with clear labeling and known risk mitigations. Broad 
autonomy claims resist this structure. 

Liability is an equally powerful constraint. If an autonomous feature contributes to harm, who is 
liable? The surgeon who supervised? The hospital that adopted the system? The vendor that 
designed it? The ambiguity itself slows adoption because stakeholders will avoid unclear risk 
exposure. Hospitals and insurers tend to demand conservative deployment models where the 
surgeon remains the active controller and where autonomy is limited to tightly bounded 
subtasks with clear override. 

This does not mean autonomy will not happen. It means autonomy will arrive in a constrained 
way, likely following patterns seen in aviation and industrial automation: 

Subtask autonomy before full procedure autonomy. Expect robotic systems to take over narrow, 
repetitive subtasks with strong monitoring and immediate human override, rather than whole 
procedures. 
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Verification-first design. Autonomy will be acceptable only when the system can prove or 
strongly bound its uncertainty, detect anomalies, and fail safely. 

Incremental regulatory labeling. Autonomy features will likely be cleared as discrete capabilities 
with explicit conditions, not as general “autonomous surgery.” 

Post-market surveillance and auditability. More autonomy will require stronger logging, 
monitoring, and possibly mandatory reporting structures, because regulators will need real-
world evidence beyond trials. 

There is also a cultural dimension. Surgery is partly a craft tradition. Surgeons adopt tools that 
improve their control, not tools that replace their judgment. Even if autonomy were technically 
feasible, clinician acceptance will depend on whether it preserves the surgeon’s role as 
responsible agent and whether it demonstrably improves safety and outcomes. 

In summary, the next decade will be shaped by constraints that are not primarily algorithmic. 
Robotics growth will be governed by training capacity, OR throughput and sterile processing, 
data governance and interoperability, and the regulatory-liability environment that makes 
autonomy progress slow and bounded. The most realistic path to scale is therefore not a leap to 
autonomous robots, but an accumulation of workflow, safety, and training innovations that 
make robotics operationally routine, economically sustainable, and clinically reliable across 
diverse hospitals. 

 

10. The Road to Higher Autonomy: What “Level 3 Surgery” Would Require 

“Autonomous surgery” is often imagined as a robot performing a procedure end-to-end. That 
picture is almost certainly the wrong target for the next decade. A more realistic target is what 
we can call “Level 3 surgery”: the robot can execute specific subtasks on its own within a tightly 
defined envelope, while the surgeon supervises, can intervene immediately, and remains 
responsible for the overall case. The analogy is less “robot replaces surgeon” and more 
“autopilot-like capability for bounded portions of the workflow.” 

The reason this framing matters is that autonomy is not a single feature. It is a stack of 
requirements: task decomposition, real-time perception, a verified action policy, continuous 
monitoring, safe fallback, and a human supervision interface that works under stress. Surgical 
autonomy also has a special constraint that many autonomy domains do not: the operative field 
changes shape as a direct consequence of actions. The system must operate inside deformable 
anatomy, with evolving visibility, evolving risks, and a unique patient every time. 
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What follows is a pragmatic map of what “Level 3 surgery” would actually require, and why the 
path runs through subtasks, verification, and human-in-the-loop supervision rather than 
through a single dramatic leap. 

10.1 Task decomposition: from suturing assistance to autonomous subtasks 

A credible road to autonomy begins by decomposing surgery into primitives that can be 
executed, verified, and bounded. This is the opposite of the headline approach. Instead of 
asking, “Can a robot do a prostatectomy?” the disciplined question is, “Which subtasks inside a 
prostatectomy have stable structure, clear success criteria, and low tolerance for ambiguity?” 

Task decomposition has three layers. 

Low-level motor primitives. These are the “verbs” of robotic motion: move-to-point, follow-
curve, maintain-tension, clamp, cut-along-line, place-needle, tie-knot, retract-with-force-limit, 
keep-camera-centered. These primitives are not autonomous surgery; they are the building 
blocks. 

Mid-level subtasks with measurable completion. These are short sequences with clear success 
criteria: closing a port site, placing a running suture on a well-defined tissue edge, maintaining a 
stable camera viewpoint, suctioning to keep a region visible, holding retraction at a safe force, 
clipping a vessel after landmark confirmation, following a planned bone cut plane, drilling to a 
depth limit. 

High-level procedural phases. These are long, context-heavy segments where judgment 
dominates: selecting dissection planes under inflammation, deciding when to convert to open, 
managing unexpected bleeding, interpreting ambiguous anatomy, adapting to unusual variants. 
These phases are autonomy-hostile in the near term because the correct action is not only hard 
to compute, but hard to define in advance. 

This decomposition leads to a strong prediction: the first meaningful autonomy will look like 
“autonomous assistance modules” rather than “autonomous procedures.” A robot might 
autonomously hold camera framing, maintain exposure, perform a closure routine, or execute a 
constraint-based cut, while the surgeon continues to do the high-judgment work. 

Suturing is a useful example because it illustrates both the promise and the complexity. Many 
suture actions are repetitive and have clear geometric intent. Yet suturing also interacts with 
tissue variability, tension limits, tearing risk, and visibility degradation. The path forward is 
therefore not “autonomous suturing everywhere,” but autonomous suturing in constrained 
contexts where the tissue edge is stable, the target path is clear, and the system can monitor 
tension and tissue response. 
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Orthopedics shows why decomposition matters. Constraint-based workflows already behave 
like partial autonomy: the plan is defined, the motion is bounded, and the robot helps enforce 
geometry. That does not mean the robot is “a surgeon,” but it does mean the autonomy 
problem is simpler because the environment is more rigid and the goal is more measurable. 

A key requirement emerges here: a standardized “subtask library” with precise definitions. 
Without that, autonomy claims remain vague. With it, vendors, regulators, and clinicians can 
talk about autonomy in concrete units: which subtasks, under which conditions, with which 
monitoring, and with what measurable performance. 

10.2 Verification and monitoring: the surgical equivalent of autopilot 

Surgical autonomy cannot rely on “it usually works.” It must rely on verified operating envelopes 
and continuous monitoring that detects when conditions are outside the envelope. This is the 
heart of the autopilot analogy. Autopilot is not magic; it is a constrained controller plus an 
aggressive monitoring system plus explicit handover logic. 

A surgical equivalent would require five components. 

State estimation. The system must maintain a coherent internal model of what is happening: 
where instruments are, what tissue is where, what structures are at risk, what the camera sees, 
and how the field is changing. In soft tissue, this is difficult because anatomy deforms and 
visibility is imperfect. In bone and navigation-guided settings, it can be more tractable. 

Uncertainty quantification. The system must know when it does not know. This is not a 
philosophical virtue; it is a safety requirement. If the system cannot bound its uncertainty, it 
cannot justify autonomous action. Uncertainty must be tracked continuously, not only at the 
start of a subtask. 

Constraint enforcement. The system must encode “never do these things” in ways that are 
enforceable in real time. In orthopedics and spine, constraints can be geometric: do not deviate 
beyond a planned corridor. In soft tissue, constraints may be softer and depend on perceived 
anatomy: do not cut when a critical structure is in the predicted risk zone; do not exceed force 
or tension limits; do not advance when the view is occluded. 

Anomaly detection. The system must detect signs of failure early: loss of view, unexpected 
bleeding patterns, instrument trajectory deviations, tissue behavior inconsistent with safe 
manipulation, registration drift, or a mismatch between expected and observed anatomy. The 
system does not need perfect understanding; it needs reliable “something is wrong” alarms that 
are tuned to avoid both silence and nuisance. 

Safe fallback and handover protocol. When uncertainty rises, the system must do something 
safe and predictable: pause, retract to a safe pose, maintain retraction without increasing force, 
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return control to the surgeon, and display a clear explanation for why it stopped. The system’s 
safety story is not credible without a handover story. 

Notice what is missing: the requirement is not “superhuman intelligence.” The requirement is 
“bounded competence plus verified monitoring.” In surgery, a narrow autonomy module that 
can reliably recognize when it should stop is safer than a broader autonomy module that 
proceeds with false confidence. 

This also implies that progress toward autonomy will be measured less by spectacular demos 
and more by robustness metrics: false alarm rates, missed detection rates, stop frequency, 
recovery success, and the fraction of cases where the system stays within its envelope without 
human intervention. These are the operational equivalents of flight safety statistics. 

10.3 Human-in-the-loop design: supervision as a safety requirement 

“Human-in-the-loop” is often treated as a compromise, as if the real future is full autonomy and 
supervision is a temporary crutch. In surgery, supervision is not a crutch. It is the correct design 
target for a long time because it preserves human responsibility while allowing machines to 
handle bounded, repetitive execution. 

A real Level 3 surgical system would treat the surgeon not as a backup mechanic but as an active 
supervisor with three explicit powers. 

Approval control. The surgeon must decide when to initiate an autonomous subtask and must 
be able to set the envelope. This can be as simple as selecting a planned path, confirming 
landmarks, or approving a closure pattern. Without explicit initiation, the system’s agency 
becomes ambiguous. 

Continuous override. The surgeon must be able to interrupt instantly and reliably. “Instantly” 
here includes the real-world friction of the OR: foot pedals, hand controls, voice prompts, and 
attention load. If override is awkward, it will not be used in time. 

Supervision transparency. The system must communicate what it believes is happening and why 
it is choosing actions. The surgeon needs interpretable signals: confidence level, detected 
structures, active constraints, and the reason for any pause. A black-box action policy is 
unacceptable in a safety-critical setting because it prevents informed supervision. 

This is where interface design becomes an autonomy bottleneck. A module can be technically 
strong and still unsafe if the surgeon cannot form a correct mental model of what the module is 
doing. The goal is not to overwhelm the surgeon with telemetry. The goal is to provide a small 
number of high-signal cues that support correct decisions under time pressure. 
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Human-in-the-loop design also implies a new style of training. Surgeons will not only learn “how 
to do the procedure” but “how to supervise the autonomy module.” That includes knowing 
when not to use it, recognizing when it is drifting, and practicing handover transitions. In other 
words, autonomy adds a supervisory skill layer rather than eliminating skill. 

Finally, supervision must be ethically and legally coherent. If the surgeon is responsible, the 
system must be designed to support responsibility, not to obscure it. This points toward 
bounded autonomy with explicit initiation, continuous monitoring, and unambiguous override 
rather than toward silent autonomy that shifts agency invisibly. 

10.4 The most plausible timeline for partial autonomy by domain 

Forecasting autonomy timelines is risky because the limiting factor is not only algorithms; it is 
verification, regulation, and workflow integration. Still, we can outline what is plausible by 2035 
if we tie the forecast to domain structure rather than to hype. 

From 2026 to 2028, the most plausible autonomy-like gains are in camera and exposure 
management, workflow automation, and constrained navigation features. Expect systems to 
become better at maintaining camera framing, reducing lens issues, and assisting with stable 
exposure through semi-automated retraction or guidance. These features feel like autonomy to 
the user but are best understood as automation plus assistance with strong constraints. 

From 2028 to 2031, bounded autonomy for highly repeatable subtasks becomes plausible in 
selected contexts. Examples include standardized closures, simple suturing routines on well-
defined tissue edges, autonomous maintenance of view and suction behaviors, and more 
advanced constraint-based actions in orthopedics and spine where geometry is explicit. This 
period is also where verification and monitoring systems mature: more reliable detection of out-
of-envelope conditions and smoother handover protocols. 

From 2031 to 2035, partial autonomy is most plausible in domains with rigid or semi-rigid 
structure and measurable goals: orthopedics, spine instrumentation guidance, and image-
guided interventions where the plan is explicit and deviations are detectable. In soft tissue, 
broader autonomy is plausible only for carefully defined subtasks under controlled conditions, 
because deformable anatomy, occlusion, and unpredictable events remain hard. The soft-tissue 
frontier is likely to be “autonomy in micro-acts” rather than “autonomy in full phases.” 

A useful way to state the timeline is not by calendar years alone, but by autonomy maturity 
milestones. 

First milestone: autonomous stabilization tasks. Camera framing, view maintenance, simple 
cleaning and defog routines, and stable retraction under force limits. 
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Second milestone: autonomous execution of short subtasks with clear completion checks. 
Closure patterns, knot tying in controlled settings, plan-following actions in rigid anatomy. 

Third milestone: autonomy with adaptive response within a defined envelope. The system can 
adjust to modest variation while continuously monitoring uncertainty and can reliably hand 
back control. 

Fourth milestone: autonomy across multi-step segments with branching logic. This is the 
hardest and is unlikely to be common in soft tissue by 2035 except in very narrow, highly 
standardized segments. 

The deeper point is that autonomy in surgery will likely be judged by safety and reliability, not 
by spectacle. The winning systems will be the ones that can demonstrate, repeatedly and 
transparently, that they stay within their envelopes, recognize when they are outside them, and 
hand control back safely without drama. That is what Level 3 surgery truly requires: not a robot 
that “acts like a surgeon,” but a machine that can do certain things extremely well, stop when it 
should stop, and integrate into the surgeon’s responsibility rather than competing with it. 

 

11. A Reader’s Framework: How to Evaluate Claims and Track Real Progress 

Surgical robotics sits at a volatile intersection of medicine, engineering, and capital markets. 
That makes it unusually vulnerable to narrative inflation: impressive demos, grand claims about 
“AI,” and confident forecasts that ignore the operating room’s real constraints. Yet it is also a 
domain of genuine progress, where incremental improvements can translate into better 
recovery, more consistent execution, and higher surgical throughput. The task for readers is 
therefore not cynicism or credulity, but disciplined evaluation. 

This section offers a practical framework for reading claims and tracking real progress. It is 
designed for readers who may not have access to proprietary hospital data or deep technical 
benchmarks, but who still want a reliable way to separate signal from hype. The framework 
consists of four tests: specificity, evidence, constraints, and vocabulary. A claim that passes all 
four is likely to reflect real progress. A claim that fails one or more tests may still be interesting, 
but it should not be treated as a forecastable reality. 

11.1 The specificity test: what counts as measurable advancement 

The fastest way to detect hype is to demand specificity. Vague claims can sound revolutionary 
while being operationally meaningless. Specific claims are harder to make, but they are also 
easier to verify, falsify, and compare. 
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A claim passes the specificity test when it answers the following questions clearly: 

What exactly is new? 
Is it a new platform, a new instrument, a new software module, a new indication, a new 
workflow integration, or a new safety feature? 

Where exactly does it operate in the surgical stack? 
Is it perception (vision), planning, navigation, execution, workflow automation, or safety 
monitoring? 

What is the unit of performance? 
Is the performance measured in minutes saved, complication reduction, alignment error 
reduction, conversion-to-open reduction, fewer readmissions, higher procedures per system-
year, fewer cancellations, or fewer instrument failures? 

What is the operating envelope? 
Under which procedures, patient types, and OR settings does it work? What are the stated 
limitations? 

What is the baseline comparator? 
Compared to what: conventional laparoscopy, open surgery, navigation-only systems, prior-
generation robots, or another platform? 

Specificity is not about demanding proprietary details. It is about forcing claims into measurable 
form. Consider the difference between: 

Decorative claim: “Our AI makes surgery safer and more precise.” 
Specific claim: “In robotic colectomy, our real-time smoke and lens occlusion detection reduces 
camera-cleaning interruptions by X% and reduces average operative time by Y minutes after Z 
cases of team training.” 

One can argue about the numbers, but the second claim is at least an evaluable statement. 

A particularly important specificity check in “autonomy” discussions is subtask definition. If 
someone claims “Level 3 surgery,” ask: which subtasks? Under what constraints? With what 
handover protocol? If the answer is still a slogan, the claim is not yet operational. 

11.2 The evidence test: outcomes, volumes, and peer-reviewed validation 

Once a claim is specific, the next question is evidence. In surgical robotics, evidence comes in 
tiers, and different tiers answer different questions. 

Tier 1: Clinical outcomes. 
Does the claimed improvement correlate with patient benefit: fewer complications, shorter 
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length of stay, reduced pain, better long-term function, lower revision rates, or better oncologic 
outcomes where relevant? Process improvements are valuable, but clinical outcomes are the 
primary justification. 

Tier 2: Procedure volumes and utilization. 
Is the capability being used at scale? This matters because the hard part is not demos; it is 
routine integration. High volumes suggest that the system is operationally workable, that 
training has scaled, and that hospitals can keep it running. Low volumes may mean the feature 
is experimental or burdensome. 

Tier 3: Peer-reviewed validation and credible real-world evaluation. 
Peer review is not perfection, but it forces methodological transparency. Strong evidence 
includes randomized trials where feasible, high-quality observational studies with careful 
adjustment, and registry analyses. Real-world evidence can be powerful if it is large, 
representative, and transparently analyzed. 

A claim passes the evidence test when it comes with at least one of the following: 

Procedure-specific outcome data with clear comparators. 
Transparent volume and utilization metrics (e.g., procedures per system-year) that demonstrate 
routine adoption. 
Independent validation, ideally peer-reviewed, with methods and limitations clearly stated. 

A reader should also learn to recognize “evidence substitutes” that are not evidence. Common 
substitutes include: 

Regulatory clearance framed as proof of superiority. Clearance often indicates safety and basic 
effectiveness for an indication, not superiority or economic value. 

Anecdotes and testimonials. Useful as early signals, but not as generalizable proof. 

Cumulative milestones without context. “One million procedures” may be impressive, but 
without knowing time frame, case mix, and installed base, it is not a measure of current 
adoption strength. 

Demonstrations in controlled environments. These may prove feasibility, but they do not prove 
reliability under clinical variability. 

Evidence is especially important because robotics is subject to “selection illusions.” High-
performing centers adopt early, and their results can make robotics look better than it will be in 
average settings. A good evidence test therefore asks not only “does it work?” but “does it work 
broadly, or only in elite environments?” 
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11.3 The constraint test: training, throughput, reimbursement, regulation 

Even strong technology can fail to scale if it collides with constraints. This is why progress 
tracking must include a constraint test. A claim passes the constraint test when it includes a 
credible story for how it fits into the operating room’s bottlenecks. 

Training and credentialing. 
Does the claim reduce training burden, accelerate learning curves, or improve team 
reproducibility? Or does it add complexity that requires scarce proctors and extended ramp 
time? 

Throughput and sterile processing. 
Does the innovation reduce setup time, reduce turnover, reduce instrument complexity, reduce 
downtime, or increase scheduling predictability? If not, volume growth will be capped 
regardless of how impressive the feature is. 

Reimbursement and cost per case. 
Does the claim reduce costs through fewer complications or shorter stays, or does it increase 
variable cost per case? If it increases costs, is there a plausible pathway to ROI through 
throughput or service-line capture? 

Regulation and liability. 
If the claim involves autonomy, what is the oversight model? How is uncertainty handled? What 
is the handover protocol? How does it align with accountability and labeling? Autonomy claims 
that ignore liability are fantasy by omission. 

This constraint lens also explains why many “AI breakthroughs” remain stuck at pilot scale. A 
feature can be technically impressive and still fail because it requires new workflows, new staff 
roles, or new data governance policies that hospitals are not prepared to implement. 

One of the best ways to apply the constraint test is to ask: which constraint does this innovation 
relieve? If you cannot name a relieved constraint, you should suspect that the innovation may 
be “true but not consequential” in the near term. 

11.4 The vocabulary test: when “AI” is informative versus decorative 

Finally, the vocabulary test. “AI” is often used as a rhetorical amplifier rather than a technical 
descriptor. A reader should learn to treat the word “AI” as a prompt for clarification rather than 
as evidence of progress. 

“AI” is informative when it names a specific function: 

Computer vision tasks: segmentation, landmark detection, tool tracking, occlusion detection. 
Planning tasks: automated preoperative modeling, personalized alignment plans, registration 
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robustness. 
Workflow tasks: case duration prediction, staffing optimization, instrument logistics, automated 
documentation. 
Safety tasks: anomaly detection, constraint enforcement, uncertainty estimation, safe stop 
behavior. 

“AI” is decorative when it replaces function with aura: 

“AI-powered precision.” Precision of what, measured how, compared to what? 
“AI-driven outcomes.” Which outcomes, in which procedures, with what evidence? 
“Autonomous surgery.” Which subtasks, under what supervision, with what failure modes? 
“Next-generation intelligence.” Intelligence doing what, exactly? 

A useful vocabulary discipline is to translate “AI” claims into plain operational language. If the 
claim cannot be translated, it is probably not yet real in the sense that matters for patients and 
hospitals. 

For example: 

“AI improves safety” becomes “the system detects loss of view and stops instrument motion 
within X milliseconds, with a false alarm rate of Y per case.” 
“AI improves efficiency” becomes “case duration prediction reduces scheduling overruns by Z%, 
increasing daily throughput.” 

This translation does two things. It strips away marketing ambiguity, and it reveals the hidden 
assumptions. If a claim depends on perfect segmentation in a messy field, or on flawless 
registration, or on low false alarm rates that have not been demonstrated, the translation 
makes that obvious. 

Putting the framework together: 

Specificity keeps the claim measurable. 
Evidence keeps the claim honest. 
Constraints keep the claim realistic. 
Vocabulary keeps the claim meaningful rather than decorative. 

Used together, these tests allow a reader to track real progress without either falling for hype or 
dismissing incremental, consequential gains. The most reliable signs of progress will often look 
boring: rising procedures per system-year, shrinking setup time, stable uptime, broader training 
capacity, improved outcomes in specific procedures, and the gradual appearance of bounded 
autonomy modules with clear envelopes and safe handover. Those are the signals that the field 
is maturing—whether or not the word “AI” is on the slide deck. 
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12. Conclusion: The Likely Future of Surgical Robotics 

The next decade of surgical robotics will not be defined by a single breakthrough moment 
where robots “become surgeons.” It will be defined by the slow conversion of robotics from a 
specialized capability into a routine operating-room substrate: assistance that reduces friction, 
increases reproducibility, and improves the everyday ergonomics of surgery across many 
procedures. The paradox of this future is that it will feel less dramatic than the rhetoric 
suggests, yet it will be more consequential than the hype cycles admit. The real transformation 
will be operational: more procedures done minimally invasively, more predictable OR days, 
more standardized execution, and a gradual reduction in variability across teams and sites. 

If the reader takes one point forward, it should be this: surgical robotics scales where it solves 
hospital constraints. Technology matters, but the center of gravity is utilization. The platforms 
and features that fit staffing, scheduling, sterile processing, and reimbursement realities will 
spread. Those that require heroic training burdens, fragile workflows, or ambiguous liability will 
remain narrow, even if their demos are impressive. 

12.1 What will scale fastest and why 

The fastest-scaling elements of surgical robotics will be those that satisfy three conditions 
simultaneously: they reduce operational friction, they preserve surgeon agency, and they can be 
validated with straightforward metrics. This points to a future where “robotics” expands less 
through a leap in autonomy and more through the diffusion of assistance and workflow 
optimization. 

First, workflow intelligence will scale fast because it targets the true bottlenecks. Predictable 
scheduling, better case duration estimation, improved instrument logistics, reduced setup and 
turnover time, and automated documentation are not glamorous, but they are compounding 
advantages. Hospitals live and die by throughput and reliability. Any feature that reduces 
cancellations, overruns, and downtime will be adopted quickly because it improves the 
economics of the entire surgical service line. 

Second, perception and guidance features will scale fast because they fit the surgeon’s cognitive 
model. Overlays, segmentation, landmark highlighting, measurement aids, and navigation 
improvements act as “augmented perception” rather than as a replacement for judgment. They 
reduce cognitive load without shifting agency. They also have clear validation paths: detection 
accuracy, false alarm rates, time saved, and reduction in specific error modes. 

Third, constraint-based assistance will scale fast in domains where geometry is explicit and 
verification is tractable. Orthopedics and parts of spine surgery already demonstrate this 
pattern: plans can be specified, safe corridors can be defined, deviations can be detected, and 
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outcomes can be measured geometrically. This does not require the public to believe in “robot 
intelligence.” It requires the hospital to see reproducibility and efficiency. 

Fourth, standardization will scale in high-volume settings. Where a procedure is common and 
workflow can be made routine, robotics becomes easier to justify. This is why high-volume 
service lines often become the growth engines: they can generate the utilization needed to 
amortize capital while building team fluency. 

Finally, multi-site health systems will accelerate scaling through standardization agreements and 
training pipelines. When a system commits to a platform across multiple hospitals, it can 
centralize training, standardize protocols, and negotiate pricing. This turns robotics from a 
boutique departmental choice into an institutional infrastructure decision, which tends to 
increase volume faster than independent hospital-by-hospital diffusion. 

In short, the fastest-scaling future is not primarily “more sophisticated robots.” It is “more 
boring robotics”: stable workflows, higher utilization, better integration, and assistance features 
that make daily surgery smoother. 

12.2 What will remain hard and why 

Three things will remain hard through 2035, and they are hard for structural reasons. 

First, autonomy in deformable soft tissue will remain hard because the environment is 
fundamentally variable. Tissues deform, visibility degrades, fluids obscure, anatomy varies, and 
surprises happen. Autonomy requires not only an action policy but an uncertainty policy: 
knowing when not to act, knowing when to stop, and handing control back safely. The problem 
is not that algorithms cannot be trained; it is that the verification burden is enormous, and the 
cost of failure is high. 

Second, broad generalization across hospitals will remain hard because robotics is a socio-
technical system. The limiting factor is not whether a robot can do a task under ideal conditions; 
it is whether the whole hospital pipeline can support reliable routine use. Staffing turnover, 
uneven training, sterile processing constraints, and IT integration tax vary widely. A feature that 
works beautifully in an elite center can fail in a community hospital simply because the 
surrounding system is different. That is not a minor detail; it is the adoption reality. 

Third, proving durable clinical superiority will remain hard because the baseline is already high. 
Many procedures already have excellent outcomes in skilled hands. This leaves limited 
headroom for dramatic improvements in mortality or major complications. Robotics may 
improve recovery, precision, and reproducibility, but detecting clear long-term benefits requires 
large datasets, long follow-up, and careful control for confounding. Evidence will therefore 
remain procedure-specific and context-specific rather than universal. 
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There are also two “hard” constraints that are not technical at all. 

Data governance will remain contested. Intraoperative video and telemetry could transform 
training and safety, but governance questions around ownership, privacy, and liability are 
unresolved. Progress here will be slower than the technology would allow unless trust 
frameworks evolve. 

Regulation and liability will remain conservative, especially for autonomy. This is appropriate. 
Medicine is built around accountable agency. Any autonomy feature that blurs agency will move 
slowly, and autonomy features will likely remain bounded and explicitly supervised for a long 
time. 

These hard constraints mean that the field’s biggest advances will often appear as incremental 
changes with compounding operational effects rather than as dramatic leaps to “robot 
surgeons.” 

12.3 The most defensible forecast: assistance everywhere, autonomy selectively 

The most defensible forecast for 2026–2035 is not full autonomy. It is assistance everywhere 
and autonomy selectively. 

Assistance everywhere means that robotics and AI-like capabilities will increasingly act as 
augmentation layers across the surgical stack: 

Better perception: segmentation overlays, anatomy highlighting, quantitative measurement 
cues, and improved scene understanding. 
Better planning: patient-specific models that are faster to generate and more reliable to use. 
Better workflow: scheduling prediction, instrument logistics, reduced setup friction, and 
automated documentation. 
Better safety: anomaly detection, constraint enforcement, safe stop behaviors, and robust 
handover mechanisms. 

These capabilities will spread because they fit into existing accountability structures. The 
surgeon remains the active agent. The hospital gains throughput and predictability. The vendor 
gains recurring revenue as utilization rises. The patient gains, at minimum, a pathway toward 
more consistent minimally invasive execution and more predictable recovery in selected 
procedures. 

Autonomy selectively means that limited autonomous subtasks will emerge where the 
environment is sufficiently structured and where verification is feasible. The most plausible 
early domains are those with explicit geometry and measurable success criteria: orthopedics, 
spine navigation, and certain image-guided interventions. In soft tissue, autonomy will likely 
appear first as micro-autonomy: camera stabilization, exposure maintenance, suction and view 
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management, closure routines under controlled conditions, and perhaps narrow suturing 
assistance modules with strong monitoring. 

Critically, “Level 3 surgery” will not feel like science fiction. It will feel like a new kind of OR 
instrument: a module that can be invoked for a bounded task, that shows confidence and 
constraints, that stops safely when conditions degrade, and that yields control instantly. The 
value proposition will be less “replace the surgeon” and more “reduce variability, reduce 
fatigue, and standardize execution for parts of the operation.” 

This forecast also implies a new way to track progress. The right metrics are not press releases 
about “AI breakthroughs.” The right metrics are operational and clinical: procedures per system-
year, reduction in setup time, reduction in cancellations, uptime, training throughput, 
complication rates in specific procedures, and the emergence of autonomy modules with clear 
envelopes and documented safety performance. 

So the likely future is a gradual institutionalization of robotic assistance, driven by economics 
and workflow realities, with autonomy advancing in carefully bounded increments where 
verification is possible. The field will look less like a sudden revolution and more like the slow 
construction of a new surgical infrastructure—one that will be evaluated not by slogans, but by 
the number of safe procedures performed, the stability of operating-room days, and the 
measurable benefits delivered to patients. 

 

 

 

 

 

 

 

 

 

 

 

 



58 
 

13. References 

13.1 Company filings and earnings materials 

1. Intuitive Surgical, Inc. Annual Report 2024 (Form 10-K for year ended December 31, 
2024). Filed January 31, 2025.  

2. Intuitive Surgical, Inc. Intuitive Announces Fourth Quarter and Full Year 2025 Earnings 
(press release). January 2026.  

3. Intuitive Surgical, Inc. Intuitive Announces Preliminary Fourth Quarter and Full Year 2025 
Results (press release). January 14, 2026.  

4. Medtronic plc. Medtronic Announces FDA Clearance of Hugo™ Robotic-Assisted Surgery 
System for Urologic Surgical Procedures (press release). December 3, 2025.  

5. Johnson & Johnson. Johnson & Johnson Submits OTTAVA™ Robotic Surgical System to 
the U.S. Food and Drug Administration (press release). January 7, 2026.  

6. Johnson & Johnson. Johnson & Johnson Reports Q4 and Full-Year 2025 Results (press 
release / investor relations release). January 2026.  

7. Stryker Corporation. Annual Report (Form 10-K) for year ended December 31, 2024. 
2025.  

8. Zimmer Biomet Holdings, Inc. Zimmer Biomet Receives U.S. FDA Clearance for Enhanced 
Version of ROSA® Knee Robotic Technology (press release). November 14, 2025.  

9. Zimmer Biomet Holdings, Inc. Zimmer Biomet Highlights Robotics & Musculoskeletal 
Product Innovations at 2025 AAHKS Annual Meeting (press release). October 21, 2025.  

13.2 Health-system plans and procurement documents 

1. NHS England. Millions to benefit from NHS robot drive (policy announcement / plan). 
June 11, 2025.  

2. NHS England (public projection). Target of half a million robot-supported operations per 
year by 2035; baseline of ~70,000 in 2023/24 (as stated in NHS announcement). June 11, 
2025.  

3. NHS procurement and capital planning artifacts (typical sources to consult when 
available): trust board papers; integrated care system (ICS) elective recovery plans; 
national framework agreements; tender notices and award records; HTA summaries for 
procedure-specific adoption. 

 



59 
 

13.3 Clinical outcomes literature and registry studies 

1. Jayne D, et al. Effect of Robotic-Assisted vs Conventional Laparoscopic Surgery on Risk of 
Conversion to Open Laparotomy Among Patients Undergoing Resection for Rectal Cancer 
(ROLARR). JAMA. 2017.  

2. Feng Q, et al. Robotic versus laparoscopic surgery for middle and low rectal cancer (REAL 
trial; short-term outcomes). The Lancet Gastroenterology & Hepatology. 2022.  

3. Jayne D, et al. Robotic-assisted versus conventional laparoscopic surgery for rectal 
cancer: longer-term outcomes from a randomized trial. (Follow-up analyses; journal 
publication). 2019.  

4. Haney CM, et al. Robot-assisted versus conventional laparoscopic radical prostatectomy: 
comparative outcomes (including functional recovery). European Urology (and related 
outlets). 2023.  

5. Wang J, et al. Robot-assisted versus open radical prostatectomy: systematic review and 
meta-analysis of prospective studies. 2023.  

6. Bahadur A, et al. Robotic-assisted versus conventional laparoscopic hysterectomy: 
systematic review/meta-analysis (representative synthesis of comparative outcomes). 
2024.  

7. Kivekäs E, et al. Robotic-assisted versus conventional laparoscopic surgery (gynecology-
focused comparative outcomes; conversion and perioperative metrics). American 
Journal of Obstetrics & Gynecology. 2025.  

8. Australian Orthopaedic Association National Joint Replacement Registry (AOANJRR). 
Annual Report 2024. 2024.  

9. American Joint Replacement Registry (AJRR). Annual Report 2024. 2024.  

13.4 Regulatory guidance and device safety standards 

1. U.S. Food and Drug Administration. Cybersecurity in Medical Devices: Quality System 
Considerations and Content of Premarket Submissions. Final guidance. June 26, 2025.  

2. U.S. Food and Drug Administration. Marketing Submission Recommendations for a 
Predetermined Change Control Plan for Artificial Intelligence-Enabled Device Software 
Functions (PCCP guidance). Guidance page / recommendations (most current FDA 
posting).  

3. U.S. Food and Drug Administration. Artificial Intelligence/Machine Learning (AI/ML)-
Based Software as a Medical Device (SaMD) Action Plan. January 12, 2021.  



60 
 

4. FDA / Health Canada / MHRA. Good Machine Learning Practice (GMLP) for Medical 
Device Development: Guiding Principles (10 principles; total product lifecycle framing). 
2021 (and later repostings).  

5. International Medical Device Regulators Forum (IMDRF). Software as a Medical Device 
(SaMD): Clinical Evaluation (N41). September 21, 2017.  

6. ISO 13485:2016. Medical devices — Quality management systems — Requirements for 
regulatory purposes. 

7. ISO 14971:2019. Medical devices — Application of risk management to medical devices. 

8. IEC 62304:2006 + A1:2015. Medical device software — Software life cycle processes. 

9. IEC 62366-1:2015. Medical devices — Application of usability engineering to medical 
devices. 

10. IEC 60601-1 (latest adopted edition as applicable by jurisdiction). Medical electrical 
equipment — General requirements for basic safety and essential performance. 

11. ISO 14155:2020. Clinical investigation of medical devices for human subjects — Good 
clinical practice. 

12. (As applicable for network-connected OR ecosystems) IEC 81001-5-1. Health software 
and health IT systems safety, security, and effectiveness requirements (cybersecurity-
focused). 

13.5 Forecasting and technology adoption research 

1. Rogers EM. Diffusion of Innovations. 5th ed. Free Press. 2003. 

2. Bass FM. A New Product Growth Model for Consumer Durables. Management Science. 
1969;15(5):215–227. 

3. Berwick DM. Disseminating Innovations in Health Care. JAMA. 2003;289(15):1969–1975. 

4. Greenhalgh T, et al. Diffusion of Innovations in Service Organizations: Systematic Review 
and Recommendations. Milbank Quarterly. 2004;82(4):581–629. 

5. Christensen CM. The Innovator’s Dilemma (and related work on disruption and 
incumbency dynamics). 1997 (and later editions). 

6. ISPOR Task Force and related HTA methodology literature on evidence standards, 
adoption decisions, and value frameworks (useful for linking clinical outcomes to 
reimbursement and procurement). 



61 
 

The author has published over 4,900 AI-assisted papers at: 
https://www.researchgate.net/profile/Douglas-Youvan/research . Google Scholar has 
indexed these preprints, and if you want a particular reference, the AI mode of a Google 
search (Gemini) has efficiently catalogued these preprints. 

 

 

 

 

 

https://www.researchgate.net/profile/Douglas-Youvan/research

