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Abstract

The technological trend towards integration of robots in surgery is one
of the breakthroughs in precision, consistency, and patient outcomes.
The use of technologies, such as the da Vinci surgical system, has
become a necessity in any operating room, because they allow to
conduct minimally invasive surgery yet with more control and less
human mistakes are made. But, with such systems, they begin to be
much more autonomous, which brings on serious legal and ethical
issues, especially concerning who bears the criminal liability and/or
civil liability of the failure of the surgery or harm caused to the patient.
The existing models of medical negligence and liability that assume
intentional human action are ill prepared to handle the legal intricacies
of intelligent semi-autonomous entities with human supervision. These
issues get further complicated by overlapping of roles of stakeholders
such as surgeon, Healthcare institutions, and technology
manufacturers. The purpose of this paper is to discuss the legal
ambiguity regarding robotic-assisted surgery and highlight how legal
liability is rewarded when there is procedural error. Based on a
doctrinal approach to the law study using the foreign case law as point
of reference, this paper will examine the interpretation of culpability in
healthcare through the prism of technology by various systems of law.
The study suggests major flaws in the accountability, such as creating a
definition of liability when the malfunctions of the machine or a mistake
in an algorithm lead to an error. This paper presents the proposal on
the model of distributed responsibility that takes into account the
causation of Artificial Intelligence (Al) agents in robotic surgeries based
on the analysis of expert interviews and case law. The model suggests
the balancing of the distribution of liability between human and non-
human actors to improve the brightening of law and patient safety.
Based on the numerical results, machine learning (ML)-optimized
hybrid (Model D) bests the rest by increasing legal accuracy, fairness,
and flexibility of robot surgery liability. Finally, the study is calling on
the policymakers and legal institutions to change the current legal
doctrines to be in step with the highly developing surgical technologies.

1. Introduction

Robotic-assisted surgery has revolutionized medical practice over the past few decades, offering greater precision
than other alternatives, reduced invasiveness, and improved patient outcomes. Such robotic systems, including
the da Vinci Surgical System, have become increasingly integrated into various procedures, such as urological and
gynecological surgeries, as well as cardiothoracic interventions [1]. Such platforms maximize the precision and
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visibility of surgeons, reducing tremor and providing a magnified 3D view, in addition to enabling the use of
minimally invasive procedures that would otherwise be difficult to perform with traditional instruments [2].

With the advancement of robotic technologies, including the incorporation of machine learning and
automation, they are beginning to share responsibility with humans in making certain decisions, and therefore
are making it harder to determine when the decision-making is driven by the human mind or the machine [3].
Nonetheless, this technological development has given rise to significant legal, ethical, and regulatory issues.
Robotic surgery is no longer an instrument completely under the surgeon's control. Still, rather a component of a
more complicated cyber-physical system that can act in a semi-autonomous way, react to sensor measurements,
or even learn during surgery [4]. The given advancements raise questions about the concept of the traditional
legal system, especially when tort liability and criminal law are involved. Generally, fault-based problems in the
legal system are based on human intent or negligence as factors. An example of autonomous robotic-assisted
surgeries is indicated in Figure 1.
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Fig. 1 Robotic-assisted surgery amid rising automation [4]

However, in robot-assisted surgeries, damage may occur due to software bugs, algorithm defects, sensor
failures, or unclear interfaces between human motions and the machine's system [5]. Such a lack of clarity makes
the legal determination of culpability somewhat difficult. When a patient is injured during a robot-assisted
surgery, whose fault is it, including that of the robot-controlling surgeon, the robot manufacturer, or the hospital
where it is maintained? The current doctrine of medical malpractice does not well prepare to deal with the
diffusion of responsibility aspect of such a technology-based procedure [6]. In the same way, criminal liability that
traditionally presupposes a guilty mind becomes questionable in situations where the fault of a machine is central
to a negative outcome [7].

Additionally, informed consent is becoming increasingly complicated and sophisticated. Patients may not fully
understand the role of autonomous functions in their procedure or the risks associated with technological errors.
This raises serious questions regarding the transparency, accountability, and autonomy of patients [8]. Although
the number of robotic processes continues to grow worldwide, the majority of jurisdictions have not yet
incorporated these matters into their laws or policymaking. A law treatise on robotic surgery is also unstable and
responsive rather than proactive, relying on outdated legal foundations, such as negligence liability and liability
based on contract [9]. Scholars have begun to discuss these issues, and there is no unified body of law to guide
professionals, lawyers, and policymakers [10].

Some researchers support the introduction of collective or distributed responsibility models, according to
which responsibility is shared among various actors, including developers, institutions, and operators, depending
on the levels of control and foreseeability [11]. Others warn that using this strategy may erode personal
responsibility, which could complicate the application of the law [12]. This article is prompted by the fact that the
focus on defining the boundaries of responsibility in robotic-assisted surgery is a matter of urgency. It attempts
to establish an approach to the distribution of criminal and civil liability, analyzing judicial precedents, legislative
and regulatory gaps, and theoretical frameworks within the context of increasingly intelligent surgical
technologies.
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As robotic systems assume increasingly complex roles in surgical practice, the issue of legal responsibility
becomes more challenging to determine. Classic theories of the law, especially with regard to liabilities based on
tort and criminal negligence, place a great deal of emphasis on the issues of direct human action and intent.
Nonetheless, new complexities arise with the robotic use of surgery, and there could be various parties with the
responsibility being shared across various parties: the operator that manages the system, the manufacturer of the
robot, the hospital that approved its use, or, in fact, the commentators who wrote the algorithms that are used.
This exemplifies a situation of emerging law that appears likely to leave a significant discrepancy between surgical
innovation and legal responsibility in the rapidly evolving field.

This paper seeks to address these emerging challenges by identifying the specific legal ambiguities
surrounding robotic-assisted surgery and proposing a structured approach to allocate responsibility. In response
to the mentioned challenges, the research relies on the following objectives:

¢ To Examine Gaps in Legal Frameworks: Analyze existing laws and precedents to identify where
current legal structures fail to assign liability in cases of robotic surgical errors adequately.

¢ To Investigate the Role of Control in Responsibility: Explore how the notion of control, both physical
and algorithmic, affects the attribution of civil and criminal responsibility in robotic-assisted
procedures.

¢ To Analyze Cross-Jurisdictional Differences: Compare how different legal systems (e.g., U.S., U.K,, EU)
interpret and handle liability in technology-mediated healthcare settings, identifying opportunities
for harmonization.

e To Evaluate Ethical and Procedural Safeguards: Assess the role of informed consent, patient
autonomy, and institutional oversight in mitigating liability and clarifying accountability.

e To Propose a Distributed Responsibility Model: Develop a legal framework that distributes
responsibility among relevant stakeholders based on factors such as proximity to harm,
foreseeability, and role in the surgical process.

The second section provides an overview of recent technologies and reported limitations in various research
studies, along with results-based analysis. The third section gives the Proposed Methodology. The fourth section
illustrates the Results and Discussion. Finally, the Conclusion outlines the primary findings of the suggested
methodology, and the references section at the end of the article.

2. Related Research

The intersection of robotic surgery with the legal domain has become a prominent area of interdisciplinary
inquiry, particularly as growing ethical and litigation-related concerns parallel advancements in technology. The
delegation of complex surgical tasks to semi-autonomous systems has raised significant issues surrounding
liability, accountability, and informed consent [13].

Early legal evaluations have questioned the adequacy of traditional negligence doctrines in the context of Al-
assisted procedures, with findings indicating that in 64% of reviewed malpractice cases involving robotic surgery,
courts faced difficulties in pinpointing the locus of responsibility, whether it resided with the surgeon or the
technology provider [14]. The ambiguity of control in robotic surgeries has led to recommendations for joint
accountability models, especially in cases where multiple professionals, such as technicians and engineers, are
involved in the procedure [15].

A systematic review of 97 global case reports from 2010 to 2020 found that 42% of legal claims were
attributed to machine malfunction and 38% to insufficient training of surgeons in robotic systems [16], [17]. These
insights reinforce the call for institutionalized training and certification programs, which have been shown to
reduce robotic surgery errors by 23% in structured settings [18], [19]. In addition, studies have highlighted critical
gaps in the current informed consent process, revealing that 71% of patients undergoing robotic procedures were
unaware of the system’s autonomous features, raising significant concerns over transparency and ethical
compliance [20], [21].

There is further complexity in cross-jurisdictional comparison: The European regulatory regimes, like the
General Product Safety Directive, are more likely to spread liability to companies, but U.S. legal systems primarily
allocate responsibility as torts, which place liability on the surgeon [22], [23]. This contrast reveals how necessary
it is to achieve harmonization of the global regulatory framework since its current state is characterized by
discrepancies and a lack of legal clarity as well as technological development [24], [25].

These studies collectively demonstrate a growing consensus that traditional legal doctrines are insufficient
for addressing the complexities introduced by robotic surgical systems. The literature supports the view thatlegal
systems need to adapt to recognize distributed agency and address new kinds of technological errors. However, a
unified framework is still lacking, especially in criminal cases where proving intent is legally challenging. As
robotic systems become more autonomous, the legal foundations for their use must adapt accordingly. Table 1
presents key research on the legal and ethical dimensions of robotic surgery.
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Table 1 Key research on legal and ethical dimensions of robotic surgery
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References Focus Area Key Finding Liability Focus Sample Size
[14] Legal ambiguityin  64% of robotic claims lacked Surgeon vs 52 cases
malpractice clear liability assignment Manufacturer
[15] Shared liability Advocates' joint Multistakeholder Conceptual
models accountability framework
[16,17] Litigation 42% machine fault, 38% Mixed 97 cases
statistics (2010- training errors
2020)
[18,19] Training impact 23% error reduction post- Surgeon 11 hospitals

[20,21] Informed consent

awareness
[22, 23] Global legal
comparison
[24, 25] Criminal law
implications

training protocol
71% of patients are unaware
of autonomous functions
Legal inconsistency impedes
safe innovation
Mens rea is difficult to prove
in robotic errors

Hospital + Surgeon
Systemic

Criminal code gaps

600 patients
4 countries

Doctrinal

3. Proposed Methodology

The methodology for this study is rooted in a mixed-methods approach, combining legal simulation, data analysis,
and machine learning (ML) evaluation to examine liability frameworks in robotic-assisted surgery. The research
begins with a research design that outlines the interdisciplinary framework, incorporating legal theory, medical
robotics, and Al-based accountability models. During the data collection phase, hypothetical legal cases were
simulated using a synthetic dataset, which encoded variables such as surgical outcomes, level of autonomy,
surgeon intervention, system errors, and consent parameters. Figure 2 outlines the sequential stages of the study’s
methodology, starting with the formulation of the research design, followed by simulated data collection, machine
learning evaluation of legal scenarios, and culminating in the analysis and refinement of liability models.

r 3

Methodology
|

Research Design

Outline of selected research
framework and approach

!

Data Collection

Simulating legal scenarios uing
a controlled dataset

!

ML Evaluation
Utilizing machine learningmo-
L dels to analyze simulated cas |

]

Analysis
Assessing results and refining
the liability model

!

Model Refinement
Improving framework based on
ML insights and legal validation|

-

—(Conclusion & Reporting]

Fig. 2 Methodological framework for legal responsibility analysis in robotic surgery

To quantify control and responsibility, we define a Responsibility Index (RI) based on weighted factors

represented in Equation 1:
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Where: Cs: Degree of surgeon control, Cm: Degree of machine autonomy, Ch: Hospital oversight factor,
a+p+y=1. Normalized weight coefficients assigned via expert judgment or optimization.

In the ML Evaluation stage, supervised learning models such as decision trees and logistic regression were
applied to predict outcomes (e.g., liability attribution: surgeon vs manufacturer vs shared). A confusion matrix
and F1-score were used to evaluate classification accuracy. Logistic regression function estimates the probability
that liability is surgeon-assigned (y=1), which is shown in Equation 2

1
P(y = 1IX) - 1 4+ e —(60+601Cs +62Cm +65Cy) .

The analysis phase interprets the ML outcomes in light of legal doctrine (e.g., duty of care, foreseeability),
identifying anomalies and inconsistencies in liability attribution. Through model refinement, the framework is
iteratively updated, informed by both statistical significance and jurisprudential alignment. The conclusion and
reporting consolidate results into a proposed legal-technical model for criminal responsibility in robotic surgery,
guiding future legal frameworks and regulatory policies.

The proposed methodology, Pseudocode, is given below:

Legal Responsibility Analysis in Robotic Surgery Framework

BEGIN
// Step 1: Initialize Parameters
SET models = [Model_A, Model_B, Model_C, Model_D] // Liability frameworks
SET metrics = [Accuracy, Fairness, Resolution_Time, Predictability, Escalation_Rate]
SET total_cases = 200
// Step 2: Generate Synthetic Legal Cases
FOR1i=1TO total_cases DO
case[i] «{
Surgeon_Stress: random(low, high),
Robot_Failure: random_boolean(),
Manufacturer_Flag: random_boolean(),
SOP_Compliance: random_boolean(),
Outcome: random(success, error)
}
ground_truth[i] « assign_label(case[i])
END FOR
// Step 3: ML Classification
LOAD pretrained_ML_model
FORi=1TO total_cases DO
fault_prediction[i] < ML_model.predict(case[i])
confidence[i] < ML_model.confidence(case[i])
explanation[i] « explain_prediction(case[i])
END FOR
// Step 4: Legal Responsibility Assessment
FOR model IN models DO
FORi=1TO total_cases DO
verdict « apply_model(model, case[i], fault_prediction][i])
results[model][i] « evaluate(verdict, ground_truth[i], confidence[i])
END FOR
END FOR
// Step 5: Metrics Evaluation
FOR model IN models DO
FOR metric IN metrics DO
CALCULATE mean, std_dev, correlation for results[model][metric]
END FOR
END FOR
// Step 6: Visualization
PLOT bar_charts, heatmaps, radar_charts, timelines
LABEL plots as Figures 1-10
ANNOTATE key performance differences
END

Penerbit
UTHM



J. of Soft Computing and Data Mining Vol. 6 No. 1 (2025) p. 423-434

4. Results and Discussion

This section presents and interprets the simulation outcomes of four legal responsibility models: Model A
(Surgeon-Centric), Model B (Shared Responsibility), Model C (Manufacturer-Inclusive), and Model D (an ML-
optimized hybrid model). To evaluate their performance, five critical indicators were considered: attribution
accuracy, legal fairness, time to legal resolution, predictability of errors, and dispute escalation rate. Additionally,
an ML-assisted evaluation framework was implemented to emulate dynamic decision-making using simulated
legal cases processed with contextual parameters. The next step involves the dataset comprising 200 legal cases.
Each case is constructed using randomized values for critical variables, including surgeon stress levels, robotic
system failure rates, manufacturer compliance flags, standard operating procedure (SOP) violations, and patient
outcomes. Ground-truth labels are assigned based on logical rules simulating legal verdicts. Table 2 represents
the dataset structure and machine learning framework used for evaluating legal liability scenarios in robotic-

assisted surgery, detailing variables, environment, and evaluation methods.

Table 2 Summary of the dataset considered in the proposed work

Aspect Description
Dataset Type Simulated data based on legal case outcomes, robotic event logs, and ML-
based inference simulations.
Total Records 200 legal scenarios (50 per model: A, B, C, D).

Simulation Environment

Data Format

Variables Captured

Evaluation Method

ML Role

Feature Inputs

Ground Truth Labels

MATLAB + embedded ML modules (Random Forest, Decision Trees, LSTM).
Tabular matrices: 50 rows x 5 metrics per model.

Attribution Accuracy, Legal Fairness Score, Time to Resolution,
Predictability, Dispute Escalation Rate.

Mean * SD calculation over simulation runs; normalized metrics for
visualization.

Assisted classification of fault, prediction of outcome confidence, and legal
decision support.

Surgeon behavior, robotic error logs, hospital policy, manufacturer system
flags

Synthetic legal verdicts (e.g., Surgeon liable, Shared fault, Device error,
Institutional failure).

Each legal case is then evaluated across all four models. The legal logic of each model is applied to the
predicted outcomes and compared with the ground truth to determine performance across the selected metrics.
This multi-model evaluation provides comparative insight into how different responsibility frameworks address
complex fault scenarios in robotic surgery. Finally, the results are statistically analyzed to compute the mean,
standard deviation, and correlation of each metric across models. Figure 3 shows the attribution accuracy across

A to D models.
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As observed in Figure 3, Model D consistently outperforms the others, achieving an average accuracy of 0.88,
followed by Model C at 0.79, Model B at 0.74, and Model A at 0.68. These differences reflect the structural
improvements introduced by distributed responsibility in Model D. In Figure 4, the fairness score, which ranges
from 0 (biased) to 1 (fully just), is also the highest in Model D (0.82), highlighting its potential to balance
technological, human, and institutional accountability. Machine learning algorithms, such as decision trees and
random forests, were used to simulate the decision-making pipeline for fault attribution. Trained on 1,000 dummy
legal cases, the ML models demonstrated that hybrid liability configurations (such as Model D) achieved a
classification F1-score of 0.87, indicating strong agreement between the ML-judged fault attribution and our
predefined ground truth. This alignment further strengthens the viability of data-driven models in replicating
complex legal reasoning.
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Fig. 4 Legal fairness score across models

The average time to case resolution (Figure 5) reveals that Model D resolves disputes within 8.9 months,
substantially quicker than Model A (18.2 months) or Model B (15.7 months). The inclusion of automated fault
segmentation and real-time data logging in robotic systems, interpreted using machine learning (ML) anomaly
detection (e.g., LSTM-based sequence analysis), shortens investigation periods by providing direct procedural
logs. These logs can be processed using a context-aware ML classifier, significantly accelerating legal workflows
and removing subjectivity from the analysis.

Model A

Model B Model C Model D
Fig. 5 Time to legal resolution (months)
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Predictability measures the extent to which legal outcomes correlate with factual patterns from system logs
or patient histories. In Figure 6, Model D exhibits the highest predictability at 0.78, reflecting its capacity to
integrate multiple agent-level records (surgeon, device, institution).
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Fig. 6 Predictability of errors across models

In parallel, Figure 7 shows that dispute escalation is lowest for Model D (25%), compared to 52% in Model A,
46% in Model B, and 38% in Model C. These trends suggest that Al-driven prediction models, especially those
incorporating Bayesian reasoning and neural network ensembles, can effectively quantify ambiguity and risk at
early stages, thereby reducing the need for escalations to higher courts. For example, the ML layer identifies low-
confidence decisions (using entropy scoring) and flags them for arbitration, reducing confrontational litigation.

Escalation Rate

Fig. 7 Dispute escalation rate (%)

Figure 8 presents the distribution of attribution accuracy across all 50 simulation runs. The interquartile
range is narrowest for Model D, indicating greater consistency. Conversely, Model A shows significant dispersion,
suggesting that outcome reliability is strongly dependent on the individual surgeon’s actions, lacking systemic

data support.
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Figure 9 highlights a key inverse correlation: fairer models tend to resolve cases faster. The negative
correlation (r = -0.71) supports the hypothesis that fairness-driven ML-enhanced models reduce ambiguity and
facilitate streamlined decisions. Here, the ML system’s explainable Al (XAI) module played a critical role. Using
SHAP (SHapley Additive exPlanations), legal experts could understand which input factors (e.g., hardware
malfunction, surgeon fatigue, or calibration error) were most influential, thus improving trust in ML outputs.
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Fig. 9 Correlation between fairness and resolution time

Figure 10’s heatmap summarizes all metrics, where Model D is superior across all parameters.
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Fig. 10 Comparative heatmap of performance metrics

These comparative visualizations benefit directly from the ML-assisted metric scoring pipeline developed in
MATLAB. Each model's outcomes were scored using a neural network ensemble, which assigned confidence
intervals and flagged anomalies. Additionally, the ML system provided actionable feedback: when
misclassifications occurred, it retraced logical errors using backpropagation error mapping.

Table 3 Comparative evaluation of legal attribution models in robotic-assisted surgery

Metric Model A Model B Model C Model D (ML-
(Surgeon- (Shared) (Manufacturer- optimized hybrid
Centric) Inclusive) model)
Attribution Accuracy 0.68 0.74 0.79 0.88
Legal Fairness Score 0.56 0.66 0.72 0.82
Resolution Time 18.2 15.7 13.5 8.9
(months)
Predictability of Errors 0.44 0.54 0.61 0.78
Dispute Escalation Rate 52 46 38 25
(%)

Collectively, the results validate that incorporating AI/ML tools into legal frameworks for robotic surgery
enhances accuracy, fairness, and efficiency, highlighted in Table 3. Model D (ML-optimized hybrid model),
empowered by intelligent data analysis, emerges as the most promising framework for the future of surgical
liability. Notably, the hybrid approach, which combines legal domain knowledge with ML-based inference engines,
ensures robustness, adaptability, and explainability. As robotic systems grow more autonomous, legal models
must evolve beyond human-centered attribution. This study demonstrates that ML-driven legal simulations can
not only inform policy design but also provide ongoing monitoring for justice in high-tech healthcare ecosystems.

Formulation of specific legislation tailored to robotic and Al-assisted surgeries is essential. This includes clear
definitions of liability, shared responsibility schemas, and regulatory oversight protocols. Future studies could
expand on simulation frameworks that replicate legal scenarios using machine learning predictions and real-
world datasets to inform probable fault lines. A collaborative approach involving legal scholars, engineers,
ethicists, and medical professionals is essential for designing accountability systems that strike a balance between
technical realities and legal fairness.  Development of advanced informed consent models that clearly
communicate the roles, risks, and limitations of robotic systems to patients in an accessible manner.
Implementation of robust algorithmic traceability, such as blockchain-based surgical logs or explainable Al
systems, to allow for post-surgical analysis and legal verification of robotic behavior. Further investigation is
needed into the applicability of criminal responsibility to Al agents, especially as robots begin to self-learn, adapt,
and make autonomous intraoperative decisions.
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5. Conclusion

The rapid evolution of robotic-assisted surgery, while revolutionizing medical procedures, has simultaneously
introduced a complex web of legal, ethical, and regulatory challenges. This paper has explored the convergence of
advanced surgical robotics, machine autonomy, and traditional legal frameworks. At the core of this investigation
lies the challenge of attributing control and criminal responsibility when surgical errors or adverse events arise
in the context of machine-assisted operations. Current jurisprudence and legal doctrines, rooted in models of
human agency, struggle to accommodate scenarios where harm may stem from algorithmic malfunctions, sensor
failures, or semi-autonomous behavior, as demonstrated through our comparative modeling and performance
evaluation. A spectrum of liability models exists, each with different implications for surgeons, developers, and
healthcare institutions. Moreover, the research demonstrates the value and contributes to the effectiveness of
integrating AI/ML in robot surgeries, making them more accurate, fair, and efficient within the scope of the law.
In comparison to the models in question, Model D, or the ML-optimized hybrid model, is the most effective and is
strong, flexible, and explainable, as it combines both legal and machine learning expertise. With the increasing
autonomy of robotic systems, the findings demonstrate the necessity of adopting a new form of liability that
expands beyond human-based liability, illustrating how simulations enabled by ML can play a role in policy
formulation and ongoing legal regulation of high-tech healthcare settings. While surgeon-centric liability models
place the whole burden on the operator, shared and distributed responsibility frameworks offer a more nuanced
view that accounts for technological agency and systemic interdependencies. Our analysis confirms that the lack
of clear and universally adopted legal standards hinders not only accountability but also the implementation of
safe, transparent, and equitable robotic surgery systems. Moreover, informed consent protocols must evolve to
reflect the increasing complexity of these procedures, especially as machine learning algorithms continue to
influence decision-making and surgical trajectories. From a legal perspective, the key issue remains how to evolve
existing frameworks to capture intent, negligence, and culpability in a hybrid human-machine ecosystem. Criminal
responsibility, traditionally requiring mens era must be re-examined in light of automated behavior where no
human actor directly causes harm.
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