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Evaluation of Laparoscopic Surgical Skill Using Surgical Instrument
Motion Analysis and Machine Learning

(Fitrdn BENEREDT & AR IS K D Hﬁﬂ’“fﬁiﬂ’iﬁﬁ alHilli)*

Lingbo Yan (2 %)

Abstract

Laparoscopic surgery requires refined instrument manipulation, stable visual control, and high-
level bimanual coordination, making objective and efficient assessment of technical skills essential
for contemporary surgical training. While multiple frameworks have been proposed to quantify
surgical performance, most lack the ability to capture continuous, fine-grained instrument mo-
tion under realistic anatomical conditions. To address this gap, the present study applied and
extended a previously validated optical motion-capture (MoCap) methodology—originally estab-
lished in porcine wet-lab training—to the more anatomically complex environment of cadaveric
laparoscopic nephrectomy. This transition allowed examination of the feasibility, accuracy, and
educational applicability of MoCap-based motion analysis in a high-fidelity training model that
closely approximates clinical operative settings.

Rigid-body marker clusters were attached to standard laparoscopic instruments, enabling three-
dimensional tracking of instrument trajectories throughout the operative workflow without inter-
fering with surgical tasks or ergonomics. Building upon this validated platform, motion data were
collected from 46 cadaveric laparoscopic nephrectomy procedures performed by 36 surgeons with
varying levels of experience.

Participants were stratified into 3 tiers including novices (0-9 cases), intermediates (10-49
cases), and experts (> 50 cases) according to previous surgical experiences. The procedure was
subdivided into 3 phases: phase 1 = colon mobilization, phase 2 = renal vascular dissection and
division, and phase 3 = liberation from remaining tissues.

A comprehensive set of motion features—including velocity-, acceleration-, spatial distribu-
tion—, and path-efficiency-related metrics—was extracted to characterize differences in operative
technique across skill levels.

Statistical analyses revealed skill-associated trends in multiple motion domains, supporting the
validity of MoCap-derived metrics as indicators of surgical expertise. Machine-learning clas-
sification models trained on these features were able to differentiate novice, intermediate, and
expert surgeons defined by prior laparoscopic operative volume, demonstrating the potential for
automated expertise stratification. Furthermore, regression models were constructed to estimate
GOALS (Global Operative Assessment of Laparoscopic Skills) scores based on expert evalua-
tions, allowing quantitative evaluation of surgical performance with high interpretability. These
findings illustrate that combining MoCap with data-driven learning methods provides a powerful
framework for evaluating surgical proficiency in high-fidelity training settings.

Although exploratory telementoring experiments were conducted in parallel as an independent
research line, these did not integrate MoCap data in the present study. Nonetheless, the ability to

*Doctoral Dissertation, Course of Systems Science and Informatics, Graduate School of Information Sci-
ence and Technology, Hokkaido University, SSI-DT46235022, May 3, 2026.
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share spatial motion information in virtual environments represents a compelling future direction
for remote surgical support and education. Overall, this thesis establishes a rigorously validated,
motion-based analytical framework for objective assessment of laparoscopic skill in both wet-lab
and cadaveric environments, and provides foundational insights for future extensions toward clin-
ical training, simulation development, and technologically enhanced surgical education.

Keywords: motion capture; laparoscopic surgery; cadaveric training; surgical skill assessment;
machine learning
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Chapter 1

Introduction

1.1 Background

Over the past three decades, minimally invasive surgery (MIS) has become a central pillar of ab-
dominal and pelvic procedures. Compared with traditional open surgery, laparoscopic approaches
offer reduced postoperative pain, shorter hospital stays, faster recovery, and superior cosmetic out-
comes. These benefits have driven the widespread adoption of laparoscopic surgery across multiple
specialties, including general surgery, gynecology, and urology [1, 2]. Concurrently, this transition
has introduced new demands for surgical education, as the psychomotor requirements of laparo-
scopic surgery differ fundamentally from those of open procedures.

Laparoscopic surgery requires surgeons to manipulate long instruments inserted through trocars
while relying on a two-dimensional video display. This configuration introduces several technical
challenges: loss of natural depth perception, counterintuitive fulcrum effects at the abdominal
wall, a restricted range of motion, and reduced haptic feedback [3]. To navigate these constraints,
surgeons must develop refined eye—hand coordination, bimanual dexterity, and precise control of
instrument tips within a confined working space [4, 5]. These requirements are especially pro-
nounced in complex procedures such as laparoscopic nephrectomy, where safe dissection of the
kidney and its surrounding structures demands both advanced technical skill and procedural judg-
ment.

Despite advances in instrumentation and imaging technology, the learning curve for laparo-
scopic surgery remains steep. Large clinical series have shown that complication rates, operation
times, and conversion rates are higher during the early phase of a surgeon’s laparoscopic experi-
ence, even at high-volume centers [1]. In response, professional societies and national boards have
introduced qualification systems and minimum case requirements to ensure that only adequately
trained surgeons perform advanced laparoscopic procedures [6]. These developments reflect a
broader shift: technical proficiency in MIS is now regarded as a core competency that must be
systematically cultivated and objectively assessed [7].

However, opportunities for experiential learning in the operating room (OR) are increasingly
constrained. Patient safety is a primary concern, and institutions are less willing to tolerate pro-
longed procedures or avoidable complications for training purposes. Meanwhile, duty hour reg-
ulations and work-life balance considerations have reduced the time residents can spend in the
OR. Consequently, a gap has emerged between the complexity of laparoscopic procedures and the
practical exposure that trainees can realistically obtain through routine clinical work.

Simulation-based training has therefore become an important complement outside OR experi-
ence [2]. A wide range of platforms is now available, from simple box trainers to high-fidelity vir-
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tual reality (VR) simulators. Randomized trials and prospective studies have shown that structured
simulator training can improve operative performance in both basic and advanced tasks [8, 9, 10].
Commercial systems such as LapMentor®provide standardized curricula covering camera nav-
igation, fundamental laparoscopic tasks, and simulated full procedures [11]. These tools have
contributed significantly to the standardization of early-phase laparoscopic skill acquisition.

Nevertheless, current simulation environments do not fully replicate the demands of real clini-
cal operations. Box trainers are cost-effective and easy to use but lack realistic tissue properties and
anatomical context. VR simulators offer controlled environments and objective metrics, yet limita-
tions remain in haptic fidelity, anatomical realism, and representation of full procedural workflows
[12]. Even high-fidelity systems typically focus on short segments of an operation rather than
modeling the entire workflow from port placement to specimen extraction. As a result, notable
discrepancies persist between performance in simulation and performance in actual surgery.

These limitations raise two central challenges for surgical education. First, how can training
environments better reproduce the visual, tactile, and procedural complexity of real laparoscopic
surgery. Second, how can technical proficiency be evaluated objectively and reproducibly in such
environments, beyond subjective impressions or coarse global rating scales. A substantial body of
research has explored the use of motion tracking, force measurement, and video analysis to quantify
psychomotor performance in bench models, animal organs, and VR simulators [13, 14, 15, 16, 17].
These studies have demonstrated that motion- and sensor-based metrics can distinguish between
novices and experts and can be used to monitor learning curves in simulation settings [18, 19, 20].

However, most prior work has been conducted in simplified or highly constrained experimental
tasks—such as peg transfer, isolated suturing, or single-step wet-lab procedures [21, 22, 23, 14].
Although such studies are valuable for analyzing fundamental psychomotor skills, their findings
may not generalize to near-clinical, multi-stage laparoscopic operations. Full procedures involve
dynamic anatomy, shifting camera viewpoints, multiple instruments, and context-dependent strat-
egy modulation. Evaluating performance under these conditions requires analytical frameworks
capable of handling long-duration workflows, staged task structures, and diverse patterns of in-
strument interaction while still providing interpretable results [7].

In summary, the rise of laparoscopic surgery has created an urgent need for training and assess-
ment paradigms that move beyond traditional apprenticeship models. Simulation-based education
has become indispensable, yet current systems do not fully capture the complexity of real opera-
tions. At the same time, motion-based metrics have emerged as powerful tools for objective skill
assessment but have been applied primarily to simplified tasks. Bridging these gaps—through
realistic training environments and robust, interpretable, and clinically relevant evaluation frame-
works—remains a central challenge in contemporary laparoscopic education [24]. This challenge
forms the broader educational and clinical background against which the present dissertation is
positioned.

1.2 Limitations of Existing Surgical Skill Assessment
Frameworks

Surgical skill assessment has become a core component of modern surgical education as the com-
plexity of minimally invasive procedures continues to increase. Although apprenticeship-based
training remains foundational, contemporary surgical practice requires standardized and repro-
ducible assessment systems to ensure patient safety and objectively evaluate trainee progression.
Over recent decades, several structured frameworks have been introduced internationally, including
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the Objective Structured Assessment of Technical Skills (OSATS) [26], the Global Operative As-
sessment of Laparoscopic Skills (GOALS) [27], and the Global Evaluative Assessment of Robotic
Skills (GEARS) [28]. Each framework has contributed significantly to the evolution of surgical
education, yet all possess important limitations. Table 1.1 summarizes a structured comparison of
major assessment systems.

OSATS and its limitations: OSATS is one of the earliest standardized assessment frameworks
and is based on global rating scales (GRS) that evaluate fundamental surgical skills [26]. The
strengths of OSATS include its broad applicability and ease of implementation. However, the
assessment remains inherently subjective, as the scoring heavily depends on the evaluator’s expe-
rience and judgment.

GOALS and the constraints of laparoscopic rating scales: GOALS [27] was developed specif-
ically for laparoscopic surgery and evaluates performance in five domains: depth perception, bi-
manual dexterity, efficiency, tissue handling, and autonomy. Although GOALS demonstrates rea-
sonable construct validity, its reliance on visual judgment introduces variability among evaluators.
Prior studies report only moderate inter-rater reliability, particularly in the efficiency and tissue-
handling domains [21, 22]. Furthermore, GOALS ratings are typically based on two-dimensional
operative videos, which cannot capture subtle three-dimensional motion or fine motor control.

GEARS for robotic surgery: GEARS extends structured evaluation to robotic surgery and incor-
porates domains specific to telemanipulation, such as console control and instrument articulation
[28]. While GEARS is well suited for robotic systems, it remains a subjective visual assessment
framework and is not directly transferable to laparoscopic environments.

1.2.1 Common limitations among existing frameworks

Despite their widespread adoption, OSATS, GOALS, and GEARS share several intrinsic limita-
tions:

e Subjectivity and rater variability: Evaluations depend heavily on individual assessors’
experience and interpretation, resulting in inconsistent ratings across evaluators and institu-
tions.

o Limited sensitivity to complex surgical tasks: These systems were largely validated on
basic tasks and often fail to capture performance in multi-stage laparoscopic procedures.

e Lack of quantitative motion information: Visual assessment cannot reliably quantify tra-
jectory smoothness, three-dimensional path efficiency, rotational control, or bimanual coor-
dination.

¢ High time and labor burden: Reviewing full-length operative videos requires substantial
expert time, limiting scalability in large educational programs.

1.3 Japanese Context: ESSQ and Its Constraints

In Japan, surgical skill assessment has taken a particularly rigorous form. The Endoscopic Sur-
gical Skill Qualification System (ESSQ), established by the Japanese Society of Endourology, is
one of the most demanding national credentialing systems for laparoscopic surgery [6]. Applicants
submit unedited operative videos that are evaluated by multiple certified experts, and only a minor-
ity achieve qualification. ESSQ has played a major role in standardizing the quality of advanced
laparoscopic surgery nationwide.
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However, ESSQ evaluations rely predominantly on subjective video-based expert review, lead-
ing to several constraints:

e Subjective interpretation: Scoring depends strongly on individual evaluators, and inter-
rater reliability is not always quantified.

o Case-context sensitivity: Variations in patient anatomy, case difficulty, or assistant perfor-
mance may influence assessments.

e Limited constructive feedback: ESSQ does not provide objective metrics indicating how
trainees should improve or which aspects of instrument control require refinement.

o Single-case bias: Qualification is based on a single submitted case, which may not reflect a
surgeon’s overall performance level.

1.4 Need for Objective and Data-Driven Assessment

The limitations shared by existing international frameworks and the ESSQ highlight the need
for objective, reproducible, and fine-grained evaluation methods. Recent studies have introduced
motion-analysis—based assessment approaches using metrics such as path length, velocity profiles,
acceleration, jerk, and bimanual symmetry [13, 15, 16]. These metrics offer quantitative and un-
biased insights into technical performance.

However, most prior studies on motion analysis have been limited to simplified experimental
environments—box trainers, VR simulators, or isolated wet-lab tasks [25, 23]. Consequently, it
remains unclear whether quantitative motion metrics can reliably capture skill differences in near-
clinical or full-procedure environments such as Thiel-embalmed cadaver surgery or real laparo-
scopic operations. Furthermore, no prior study has systematically examined whether motion-based
features can distinguish ESSQ-certified from non-certified surgeons, an important question within
the Japanese surgical education system.

These gaps motivate the present dissertation, which integrates optical motion capture, multi-
rater GOALS scoring, ESSQ-based classification, and machine learning to establish a comprehen-
sive, data-driven framework for objective laparoscopic skill evaluation.

1.5 Cadaver and Animal Models in Laparoscopic Education

1.5.1 Overview of High-Fidelity Training Environments

As laparoscopic surgery has become increasingly complex, there is growing demand for high-
fidelity training environments that more closely reproduce real operative conditions than box train-
ers or virtual reality simulators alone. In particular, training for advanced procedures such as la-
paroscopic nephrectomy requires realistic anatomy, tissue handling, and intra-abdominal ergonomics
that are difficult to replicate with simple task models. To address this need, many institutions have
introduced cadaver-based and animal-based training programs as intermediate steps between sim-
ulation and live surgery [29, 30, 31, 32].

1.5.2 Cadaver-Based Training and the Thiel Embalming Method

Cadaver dissection has long played a central role in anatomical education and, in recent decades,
has also been adopted for surgical skills training. Among various preservation techniques, the
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Table 1.1: Comparison of major surgical skill assessment frameworks.

OSATS [26] GOALS [27] GEARS [28] ESSQ [6]
Country /organization Canada/ Canada / USA/ Japan /
Royal College of McGill University robotic surgery cen- Japanese Society of
Physicians and Sur- group ters Endourology
geons
Target modality Open and general Laparoscopic Robot-assisted Advanced  laparo-
surgery surgery surgery (da Vinci) scopic  procedures
(urology)
Assessment type global rating scale Global rating scale ~ Global rating scale ~ National video-
(5 domains) (robot-specific) based

qualification system

Main strengths Simple; Tailored to MIS; Includes telemanipu- Rigorous  national
widely applicable; validated lation credentialing;
structured basic eval- for laparoscopic criteria; multi-expert review.
uation. tasks. standardized.

Main limitations Subjective; Moderate reliability; Subjective; Single-case evalua-
limited sensitivity limited domain variation; tion;

to motion efficiency.

for complex work-
flows.

not for laparoscopy.

no quantitative met-
rics.

Thiel embalming method, first reported by Thiel in 1992, provides soft, flexible tissues with near-
physiological joint mobility and realistic coloration [33]. These properties make Thiel-fixed ca-
davers particularly suitable for minimally invasive surgical training, where tactile feedback, organ
consistency, and spatial relationships should approximate in vivo conditions.

Compared with conventional formalin-fixed cadavers, Thiel-embalmed cadavers offer several
advantages for laparoscopic training:

e maintained tissue pliability, allowing realistic dissection planes and blunt separation;

e preserved joint mobility, facilitating positioning and port placement similar to clinical prac-
tice;

o relatively natural coloration, which supports visual recognition of vessels, organs, and fascial
layers.

These characteristics enable near-clinical rehearsal of full procedures, including trocar insertion,
exposure, dissection of major vessels, and specimen retrieval. For urologic procedures such as
laparoscopic nephrectomy, Thiel cadavers provide an anatomically accurate environment in which
surgeons can practice critical steps such as hilar dissection and control of renal vessels.

In Japan, cadaver-based surgical training was historically limited by legal and ethical con-
straints. The publication of the “Guidelines for cadaver dissection in education and research of
clinical medicine” by the Japan Surgical Society and the Japanese Association of Anatomists [34],
followed by the establishment of institutional frameworks, has gradually expanded the use of ca-
davers for clinical skills training. Kobayashi and Nudeshima reported that, compared with West-
ern countries, Japan has only recently begun to establish systematic cadaver-based surgical training
programs [31]. Nevertheless, Thiel-embalmed cadavers are now increasingly utilized for advanced
laparoscopic and robotic training courses, particularly in tertiary centers and university hospitals.
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Despite these advances, cadaver-based training has important limitations. Cadavers do not ex-
hibit bleeding, hemodynamic changes, or physiological responses, and the absence of perfused
circulation restricts the realism of hemostatic maneuvers. Access to cadaver facilities is also con-
strained by cost, infrastructure, and legal as well as ethical requirements. As a result, cadaver
training is typically reserved for short courses or workshops rather than integrated into routine
daily practice. Furthermore, most current cadaver programs rely on qualitative feedback from in-
structors instead of objective, quantitative assessment of technical performance.

1.5.3 Animal Organ Models and Wet-Lab Training

Animal organ models and in vivo animal surgery have also been widely used in laparoscopic edu-
cation. Porcine models, in particular, closely mimic human abdominal anatomy in terms of organ
size, vessel configuration, and tissue properties [29]. Wet-lab training using porcine organs allows
trainees to practice tissue grasping, dissection, clipping, and suturing under realistic tactile and
visual conditions, and provides an important bridge between dry-lab simulators and cadaver or
clinical operations.

Higuchi et al. developed and validated a porcine organ model for essential laparoscopic skills
training, demonstrating that structured wet-lab training can improve performance and support ob-
jective assessment [32]. Such models are particularly useful for repetitive practice, because they are
more accessible and less costly than cadaver courses and can be integrated into regular educational
curricula.

However, animal-based training raises ethical considerations and regulatory challenges [30].
The use of live animals is subject to strict institutional and national guidelines, and public opinion
increasingly favors reduction and refinement of animal experiments. Even when ex vivo organs
are used, issues of procurement, storage, and disposal must be addressed. In addition, anatomical
differences between animals and humans—especially in vascular branching patterns and pelvic
anatomy—Ilimit the direct transferability of certain skills.

1.5.4 Need for Objective Assessment in High-Fidelity Environments

Cadaver-based and animal-based training environments provide higher fidelity than box trainers
or purely virtual simulators and play complementary roles in the educational continuum. Cadaver
models offer realistic human anatomy for full-procedure rehearsal, whereas porcine organ models
support repeated practice of key technical components under near-real tissue conditions. Yet, in
most programs, performance in these settings is still evaluated subjectively, often using global
rating scales such as GOALS, checklists, or informal faculty feedback.

Previous work from our group has demonstrated that motion-analysis—based assessment in
porcine organ training can objectively distinguish between different skill levels and track learn-
ing curves over time [15, 16, 32]. Nevertheless, it remains unclear whether similar objective met-
rics can be applied to more complex environments such as Thiel cadaver surgery, or whether such
metrics can be linked to established benchmarks of clinical competence (e.g., ESSQ certification).

In this dissertation, Thiel-embalmed cadavers are used as a high-fidelity, near-clinical platform
for laparoscopic nephrectomy, in combination with an optical motion capture system to record
instrument trajectories throughout the procedure. Porcine organ wet-lab training data are also
incorporated to examine the generalizability of motion-derived features across different training
environments. All cadaver experiments were conducted under institutional ethical approval (Ap-
proval No. 20-027 and CERIA022-003), with appropriate consideration for donor consent and
educational use. By integrating cadaver-based, animal-based, and clinical motion data, the present
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work aims to bridge the gap between realistic surgical training environments and objective, data-
driven assessment methods, thereby laying the groundwork for a comprehensive motion-analysis—
and machine-learning—based skill evaluation framework with high interpretability.

1.5.5 Tele-Mentoring and Early-Stage Feasibility Evaluation

With the increasing complexity of laparoscopic and robotic surgery, tele-mentoring has gained
attention as a means to support surgical education and reduce geographic disparities in clinical
expertise. Tele-mentoring refers to remote experts observing the surgical field in real time and
providing verbal guidance to the on-site surgeon, without direct manipulation of instruments. Un-
like telesurgery, which requires fully robotic teleoperation, tele-mentoring focuses on educational
support and clinical decision-making, and its feasibility depends heavily on the stability and latency
of audiovisual transmission.

In this research project, tele-mentoring is conducted at an early technical-feasibility stage. Ex-
perienced surgeons at Hokkaido University remotely observe procedures performed at Obihiro
Kosei Hospital through the Zao Cloud View system®(Soliton Systems), which enables simulta-
neous transmission of multiple video streams, including the endoscopic view, the robotic console
view, and a room-side camera. Although real-time guidance is provided, the primary aim of the
present study is not to evaluate instructional outcomes, but rather to quantify the performance of
the underlying communication system.

To assess whether the tele-mentoring environment satisfies technical requirements for practical
implementation, we conducted a series of network-performance measurements, including:

¢ End-to-end latency measurements: timestamping video frames at both sending and re-
ceiving sites to quantify total transmission delay;

¢ In-network latency measurements: evaluating baseline delay and jitter within the 5G and
MEC (Multi-access Edge Computing) infrastructure using ICMP ping and related tools;

e Multi-view synchronization assessment: determining whether endoscopic, console, and
room-side videos remain temporally aligned under varying network conditions.

These measurements aim to verify whether the system can provide acceptable latency, stable
visual fidelity, and reliable multi-stream synchronization. The tele-mentoring work in this disserta-
tion should therefore be regarded as an early-stage prototype validation of a remote surgical-support
system, focusing on latency and transmission stability rather than educational or clinical effective-
ness.

Establishing such a technical foundation is essential before integrating objective motion analysis
and interpretable, machine-learning—based skill assessment into future tele-mentoring platforms.
Importantly, no motion-capture data from tele-mentoring sessions were included in any statistical
analysis, Principal Component Analysis (PCA), machine-learning classification, regression mod-
els, or SHapley Additive exPlanations (SHAP) interpretation in this thesis. The tele-mentoring
component is presented solely as a technological feasibility study and not as part of the motion-
analysis dataset.
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1.6 Limitations of Motion-Analysis—Based Skill Assessment
and the Need for Expanded Orientation Features

Motion analysis has emerged as a promising methodology for objective surgical skill evaluation
in minimally invasive surgery. Previous studies have shown that kinematic metrics such as path
length, velocity, acceleration, and smoothness can distinguish novice from expert surgeons [13, 15,
16, 25, 23]. Several reviews have summarized the development of objective, motion-based surgical
skill assessment frameworks and associated metrics [20].

However, existing motion-based approaches still have important limitations. Most prior studies
rely on simplified metrics such as path length and velocity, which capture global efficiency but
fail to reflect fine psychomotor control, including rotational stability, wrist-level adjustments, and
multi-degree-of-freedom coordination.

In addition, orientation-related features are typically represented using mean roll, pitch, and
yaw values. Such representations smooth out cumulative rotational behavior and do not adequately
capture instability or coupled motions, particularly the interaction between pitch and yaw in laparo-
scopic manipulation.

Furthermore, applying motion analysis in realistic surgical environments introduces practical
challenges, including occlusion, limited camera placement, and reconstruction variability, which
can affect data completeness and reliability.

To address these limitations, the present study introduces expanded orientation features derived
from the sum of absolute angular displacements between consecutive frames. Two metrics were
defined:

e AL-Roll: total accumulated rotation about the longitudinal axis;

e AL-PitchYaw: combined accumulated displacement in pitch and yaw, representing their
natural coupling during laparoscopic manipulation.

These features enable more sensitive quantification of rotational behavior compared to conven-
tional mean-angle representations. By capturing cumulative angular changes, they improve the
descriptive capability of motion features for machine-learning—based classification and GOALS
score prediction.

Thus, the proposed feature design addresses both conceptual limitations of prior motion de-
scriptors and practical constraints encountered in realistic surgical settings.

1.7 Research Aims

Despite the growing interest in objective surgical skill assessment, current methods remain insuffi-
cient for evaluating performance in complex laparoscopic procedures. Most existing systems rely
on simplified tasks, limited motion features, or subjective rating scales, making it difficult to as-
sess fine psychomotor skills or to generalize across different training environments. Furthermore,
the consistency of skill-related motion features across animal models, cadaveric procedures, and
clinical settings has not been systematically explored.

The overarching goal of this dissertation is therefore

to establish a comprehensive framework for objective evaluation of laparoscopic
surgical skill across multiple training environments, based on high-resolution
motion analysis and interpretable machine-learning models.
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The specific aims are as follows:

1. To develop and validate a motion measurement system suitable for complex laparo-
scopic procedures.
High-precision optical motion capture is applied to Thiel-embalmed cadaveric laparoscopic
training. Improvements in measurement rate and three-dimensional reconstruction are eval-
uated using Motive 3.0.3 (OptiTrack, USA), an optical motion-capture software used for
tracking rigid-body markers in three-dimensional space. The procedures are manually seg-
mented into Phase 1-3, corresponding to major surgical phases (e.g., exposure, hilar dissec-
tion, and kidney mobilization) based on anatomical and procedural landmarks, as a basis for
future Al-based automatic video segmentation.

2. To construct a high-resolution feature set for characterizing surgical motion.
Kinematic features are extracted, including position-, velocity-, acceleration-, and complexity-
based metrics. Cumulative orientation features (AL-Roll and AL-PitchYaw) are proposed
to overcome limitations of traditional angle-based metrics.

3. To analyze skill-group differences using statistical methods.
Kruskal-Wallis tests, principal component analysis (PCA), and related methods are used to
identify features that contribute most to differences among experience levels.

4. To develop machine-learning models for skill classification and GOALS score predic-
tion.
Classification models (SVM, PCA-SVM, Random Forest) and regression models (PCA-
SVR, Ridge, PLS) are constructed. Nested cross-validation is used to evaluate model gener-
alizability.

5. To establish an interpretable assessment system using SHAP.
SHAP is used to quantify feature contributions to the machine-learning models, providing
an explanatory Al layer while keeping the underlying models transparent and feature-based.

6. To discuss the educational implications of motion analysis in surgical training.
Motion data obtained from wet-lab and cadaveric settings are used to illustrate possible appli-
cations for objective feedback and skill assessment. Tele-mentoring experiments conducted
independently are mentioned only as potential directions for future development and are not
analyzed within the scope of this thesis.

Through these aims, this dissertation seeks to provide a scientifically grounded, scalable, and
clinically meaningful motion-analysis— and machine-learning—based framework for objective la-
paroscopic skill assessment, with an Al-supported explanatory layer, contributing to the digital
transformation of surgical education.

1.8 Structure of This Dissertation

This dissertation consists of seven chapters, organized as follows:

e Chapter 1: Introduction
Reviews the background of laparoscopic surgical education, limitations of traditional skill
assessment methods, high-fidelity training environments (cadavers and animal models), re-
cent advances in motion analysis, and outlines the aims of this study.
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e Chapter 2: Measurement system and data acquisition
Describes the optical motion capture system, marker design, calibration procedures, recon-
struction improvements (Motive 3.0.3), and data acquisition in Thiel cadaveric nephrectomy
and porcine wet-lab training. Ethical approval procedures are also presented.

e Chapter 3: Feature extraction and statistical analysis
Defines kinematic features, including positional, velocity-based, acceleration-based, and
time-series complexity metrics. Cumulative orientation features (AL-Roll, AL-PitchYaw)
are introduced. Statistical comparisons among skill levels are presented.

e Chapter 4: Machine-learning-based skill evaluation
Presents classification (SVM, PCA-SVM, Random Forest) and regression models (PCA-
SVR, Ridge, PLS) for skill assessment. Model performance is evaluated with nested cross-
validation. SHAP analysis is used for model interpretability.

e Chapter 5: GOALS scoring system and its application
Explains the GOALS structure, rating procedures, and inter-rater comparisons in this study.
Describes how GOALS scores were adapted, evaluated, and validated in conjunction with
motion metrics.

e Chapter 6: Educational applications and tele-mentoring integration
Demonstrates Al-supported feedback analysis in porcine wet-lab training and discusses model
applicability across training stages. Describes the early-phase tele-mentoring system and
network latency evaluation, exploring future integration with motion-analysis—based assess-
ment.

e Chapter 7: Conclusion
Summarizes the research outcomes and discusses future directions for clinical application
and the digital transformation of surgical education.

— 10—



Chapter 2

Measurement system and data
acquisition

2.1 Optical motion capture system

An optical motion capture system (OptiTrack V120:Trio®; NaturalPoint Inc., USA) was used to
record the three-dimensional trajectories of laparoscopic instruments during Thiel-embalmed ca-
daveric nephrectomy and porcine wet-lab training. The system integrates three infrared cameras
into a compactrigid frame, enabling marker-based tracking at 120 Hz with sub-millimeter precision
within a calibrated measurement volume.

2.1.1 Hardware configuration

The V120:Trio (Fig. 2.1) consists of three global-shutter infrared cameras fixed within a single
housing, ensuring geometric stability and eliminating inter-camera drift during long-duration sur-
gical recordings. Each camera is equipped with integrated infrared illumination, allowing robust
marker detection even under intense laparoscopic lighting. Real-time marker detection and three-
dimensional reconstruction were performed using Motive (NaturalPoint Inc.).

The measurement volume was configured to cover the primary operative workspace: approxi-
mately 1.0m X 0.8 m X 0.8 m, which was sufficient to capture the full range of laparoscopic instru-
ment motion in both cadaveric nephrectomy and porcine organ tasks.

2.1.2 Marker design for laparoscopic instruments

Reflective spherical markers (diameter: 6.4 mm) were attached to the proximal portion of the
laparoscopic instruments. Because metallic instrument shafts produce strong specular reflections,
markers were mounted on a matte-black attachment fixture to enhance contrast between unintended
reflections and true infrared marker signals.

A rigid-body marker cluster composed of three non-collinear markers was designed to enable
six-degrees-of-freedom (6-DOF) reconstruction of each instrument. The cluster’s local coordinate
frame was aligned such that its longitudinal axis matched the instrument shaft direction, facilitating
the computation of orientation-based metrics such as roll, pitch, and yaw.

Marker placement was optimized to minimize interference with trocar insertion and to avoid
collisions with tissues or surrounding equipment.

11
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Figure 2.1: Overview of OptiTrack V120:Trio camera system [39]. The device integrates three in-
frared cameras into a rigid housing, enabling 120 Hz marker-based tracking in a com-
pact surgical workspace.

Table 2.1: Specification of OptiTrack V120:Trio [39].

Parameter Value Unit
Frame rate 120 (fps)
Image resolution 640x480
Latency 8.3 (ms)
Shutter type Global
Horizontal FOV 47 ®)
Vertical FOV 43 ®)
Minimum shutter speed 20 (us)

2.1.3 Calibration procedure and definition of the global coordinate system

Calibration was performed using the official OptiTrack three-dimensional calibration frame (rigid
L-frame) (Fig. 2.2). The frame consists of two rigid orthogonal bars equipped with three reflective
markers, providing a stable reference geometry without requiring wand-based calibration.

(1) Unified global coordinate system for all experiments To maintain consistency be-
tween cadaveric nephrectomy and porcine organ experiments, a unified global coordinate system
was constructed. Based on the orientation of the L-frame, the axes were defined as follows:

e Y axis (vertical axis): perpendicular to the operating table, pointing upward.
e XZ plane: aligned with the cadaver or porcine organ working surface.

e X axis (depth axis): in—out depth direction of laparoscopic manipulation; used as a primary
analytic direction across all datasets.

e Z axis (in-plane reference axis): orthogonal to the X axis within the XZ plane, used as an
in-plane spatial reference.

Although the same geometric coordinate frame was applied to all recordings, the interpretation
of the Z axis differed between experimental environments.
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Figure 2.2: OptiTrack rigid L-frame used for calibration. The L-shaped frame is placed in the XZ
plane, where the X axis represents the depth direction of laparoscopic manipulation,
Y is the vertical axis, and Z serves as an in-plane reference axis (cadaver head—foot
direction in the cadaver experiment).

(2) Interpretation in cadaveric nephrectomy During Thiel-embalmed cadaveric nephrec-
tomy, the L-frame was aligned parallel to the cadaver body plane, allowing:

e the Z axis to represent the cadaver’s head—foot (longitudinal) direction.

This enabled anatomically meaningful interpretation, such as instrument motion toward the
renal hilum.

(3) Interpretation in porcine wet-lab training

e the Z axis did not represent an anatomical direction and was used only as a spatial reference
axis;

e kinematic analyses primarily used the X (depth) and Y (vertical) axes.

This ensured that datasets from different environments remained comparable without requiring
additional coordinate transformations.

(4) Calibration steps in Motive Calibration was performed in Motive (version 2.1.1) using
the following steps:

1. Place the L-frame parallel to the working surface.

2. Allow automatic detection of the three reflective markers.

3. Register the L-frame as the reference rigid body.

4. Establish the global coordinates based on the fixed geometry.

5. Verify alignment of the X, Y, and Z axes with the intended surgical directions.

6. Lock the coordinate system before data acquisition.

— 13—
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2.1.4 Measurement accuracy and sampling performance

The OptiTrack V120:Trio provides a nominal positional accuracy below 0.5 mm and an angular
accuracy of approximately 0.5°. Under ideal optical conditions, the system is capable of stable
rigid-body tracking at 120 Hz. However, in cadaveric laparoscopic training and porcine organ
experiments, tracking performance can be affected by multiple factors, including instrument ori-
entation, temporary occlusion by tissue or the operator’s hands, reflective surfaces, and variations
in ambient lighting.

Consequently, although the nominal sampling frequency is fixed at 120 Hz, the effective mea-
surement rate varied across measurement days and instruments, primarily due to occlusion and
tracking loss. These were caused by factors such as the position of the laparoscopic camera, in-
strument orientation during manipulation, and occlusion by auxiliary instruments (e.g., assisting
sticks), which occasionally prevented marker detection. In such cases, missing frames were sup-
plemented by interpolation.

The measurement success rate was defined as the proportion of raw frames among total frames,
where total frames consist of raw frames and interpolated frames.

raw
Measurement Success Rate = ——

total

where N, denotes the number of frames obtained directly from Motive, and N, denotes
the total number of frames, including both raw and interpolated frames.

All trajectories were recorded at 120 Hz and exported from Motive. Short gaps and high-
frequency noise were corrected using a third-order Savitzky—Golay filter (window length: 121
samples, corresponding to approximately 1.0 s). Frames requiring smoothing or interpolation were
treated as interpolated frames.

Loss of raw frames primarily resulted from two factors: (1) occlusion, where instruments
left the camera field of view or were temporarily covered by tissue or other instruments, and (2)
orientation-dependent tracking failures, where rigid-body pose estimation became unstable due to
unfavorable marker configurations.

A comprehensive summary indicates the following characteristics:

e For the primary working instruments, the reconstructed measurement rate remained high
overall but differed slightly by instrument: 87.4-99.8% for the KARL STORZ forceps,
81.2-100.0% for the LigaSure device, and 90.4-99.8% for the OLYMPUS forceps.

e For auxiliary tools (SUCTION and HEM-O-LOK), the reconstructed measurement rate showed
greater variability, occasionally dropping to 70-80% due to their peripheral positioning or
short usage duration.

o Similar fluctuations were observed for an additional instrument with external markers (Right-
angle Forceps), especially in early sessions, where the reconstructed measurement rate oc-
casionally fell below 50%.

These reconstructed values were used for feature extraction (Chapter 3) and machine-learning
analysis (Chapter 4), whereas raw measurement rates were used only for preliminary inspection.

To improve the stability of subsequent feature extraction and statistical analysis, all raw motion
data were reprocessed using Motive 3.0.3. Compared with the acquisition version (Motive 2.1.1),
Motive 3.0.3 provides enhanced algorithms in three major components:

14—
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e Reconstruct: geometric completion of missing three-dimensional marker positions using
multi-camera constraints;

e Auto-label: automatic recovery of marker labels across long recordings, reducing the need
for manual correction;

e Solve: rigid-body pose estimation with improved robustness, yielding smoother six-DOF
trajectories during short tracking interruptions.

After reconstruction, the measurement rate improved for most instruments, particularly during
deep dissection phases and complex multi-instrument interactions where occlusion is common. Al-
though this study does not treat measurement rate improvement as a quantitative outcome, visual
inspection and preliminary comparisons indicated that reconstructed trajectories exhibited sub-
stantially better continuity and pose stability. These improvements provide a more reliable data
foundation for the feature extraction presented in Chapter 3 and the machine-learning analyses in
Chapter 4.

2.1.5 Limitations of optical tracking in surgical environments

As discussed in Chapter 1, optical tracking faces multiple constraints in high-fidelity surgical set-
tings:

e occlusion by anatomical structures, trocars, hands, or instruments;

e specular reflections from metallic shafts under laparoscopic lighting;

marker displacement caused by tissue contact or trocar friction;

limited space for multi-camera placement in cadaver rooms or wet labs.

These considerations guided the development of more robust motion features (discussed in
Chapter 3) that tolerate transient dropout and reconstruction variability.

2.2 Experimental environment for cadaveric laparoscopic
training

All cadaveric laparoscopic nephrectomy procedures were performed at the Cadaveric Surgical
Training Laboratory, Hokkaido University Hospital, Sapporo, Japan , using human cadavers pre-
served with the Thiel embalming method. Thiel-preserved cadavers offer soft-tissue elasticity,
color tone, and joint flexibility that closely resemble those of living human tissue, making them
suitable for realistic laparoscopic training and motion analysis. The use of cadaveric specimens in
this study was approved by the Ethics Committee of Hokkaido University Hospital (Approval No.
20-027 and CERIA022-003).

2.2.1 Experimental setup and operating room configuration

Each training was performed at the cadaveric surgical training laboratory, Hokkaido University
Hospital, Sapporo, Japan. A standard laparoscopic tower (camera system, light source, insufflator,
and electrosurgical generator) was set up next to the operating table. The operating field, instrument
ports, and camera ports were determined following standard clinical nephrectomy procedures.

— 15—
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Figure 2.3: Overview of the cadaveric laparoscopic training environment. The OptiTrack
V120:Trio motion capture camera is mounted above the operating field, tracking la-
paroscopic instruments equipped with reflective markers. The setup includes the sur-
geon, endoscope operator, endoscopic monitor, and a Thiel-embalmed cadaver.

The OptiTrack V120:Trio was installed above the operating field as described in Chapter 2, with
its tracking volume covering the entire region where laparoscopic instruments were manipulated.
The coordinate system established during calibration (X: depth direction, Y: vertical direction, Z:
cadaver longitudinal axis) was kept consistent across all experimental days.

2.2.2 Surgical task: laparoscopic nephrectomy

The cadaveric laparoscopic nephrectomy procedures followed the standardized steps:

1.

Initial camera port placement using the Hasson technique followed by creation of pneu-
moperitoneum.

Placement of three additional ports.

Mobilization of the ascending colon and duodenum (right-sided cases) or the descending
colon, spleen, and pancreas (left-sided cases).

Dissection of the plane between the psoas muscle and the ureter/lower pole of the kidney.
Elevation of the kidney and identification of the renal hilum.
Identification and skeletonization of the renal artery and vein.

Clipping with Hem-o-Lok and division of the renal artery and vein.

. Mobilization of the upper pole of the kidney.
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9. Dissection of the remaining attachments except the ureter.

These steps involve complex bimanual instrument manipulation, tissue traction, energy-device
activation, and precise dissection—all of which produce rich kinematic signatures suitable for
quantitative motion analysis.

2.2.3 Participant profiles

A total of 39 participants performed 51 training sessions. Following the exclusion of 5 cases due
to video recording failure (n=3), insufficient embalming condition (n=1), and in which the mentor
completed most procedure (n=1), 46 Mocap datasets from the 36 participants were available for the
current analysis. Participants were categorized into three experience groups based on their prior
laparoscopic operative volume:

e (N) Novices (0-9 operations): 17 subjects
o (I) Intermediates (10—49 operations): 19 subjects
e (E) Experts (=50 operations): 10 subjects

Although the number of individual participants was 36, several surgeons completed the CST more
than once. Specifically, four novice surgeons and two expert surgeons participated twice, and two
additional novice surgeons participated three times. These repeated participations resulted in a
total of 46 recorded laparoscopic nephrectomy procedures.

This multi-level structure enabled cross-sectional comparison of motion patterns and served as
the basis for skill classification and regression tasks presented in Chapters 3 and 4.

2.2.4 Instruments tracked in cadaver experiments

Across all 46 recorded nephrectomy procedures, motion data were consistently captured from six
laparoscopic instruments, each equipped with a rigid-body marker cluster. These instruments cor-
respond to those shown in Fig. 2.4. Among these intsruments, the following 4 instruments were
utilized in the feature extraction, PCA, and machine-learning analyses.

o Grasping forceps (GF): a left-hand assisting instrument used for traction, counter-traction,
and maintaining exposure (commercially, typically a KARL-STORZ laparoscopic forceps).

o Scissor forceps (SF): a right-hand dominant working instrument used mainly for dissection
and tissue manipulation (e.g., an OLYMPUS laparoscopic forceps with a cutting tip).

e Energy device (ED): aright-hand LigaSure device used for vessel sealing and tissue division
during hilar dissection.

e Clip applier (CA): a HEM-O-LOK applicator used to apply polymer clips to blood vessels
and other structures requiring secure ligation.

Because the two additional instruments described below appeared only in selected procedures,
they were excluded in the present analysis,:

e Suction tube (ST): a suction instrument intermittently used for smoke evacuation and fluid
removal.
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Grasping Forceps (GF)" Scissor Forceps (SF) Energy Device (LigaSure) (ED)

Clip Applier (CA) Suction Tube (ST) Right-angle Forceps (RF)

Figure 2.4: Surgical instruments used in the cadaveric laparoscopic training. From left to right and
top to bottom: Grasping forceps (GF), Scissor forceps (SF), Energy device (LigaSure,
ED), Clip applier (CA), Suction tube (ST), and Right-angle forceps (RF). These abbre-
viations (GF, SF, ED, CA, ST, RF) are used consistently in the feature extraction and
analysis throughout this dissertation.

o Right-angle forceps (RF): a curved, right-angle dissecting forceps with external reflective
markers, used for blunt dissection in specific cases.

The abbreviations GF, SF, ED, CA, ST, and RF are used consistently throughout this disserta-
tion.
2.2.5 Data recording and reconstruction protocol

All cadaveric nephrectomy procedures were recorded continuously from initial trocar insertion to
freeing the kidney completely from surroung tissues other than uretermobilization. Three cate-
gories of data streams were collected in synchrony throughout each session:

e 3D motion data (120 Hz) recorded with Motive 2.1.1, selected for its stable real-time acqui-
sition during long-duration procedures;

e Laparoscopic video (HD), recorded concurrently with the motion-capture data;

e Overhead room-side video, showing hand motion, trocar position, and the overall operative
environment.

Two-stage data processing workflow. Although Motive 2.1.1 provides stable real-time capture,
its reconstruction robustness is limited in deep-cavity surgical environments. Therefore all raw
TAK/CSV data were exported and reprocessed offline using Motive 3.0.3. The offline pipeline
included:

e re-running the updated Reconstruct algorithm to recover missing marker positions,
e applying the improved Auto-label routine with refined rigid-body templates,

e executing Solve to recover rigid-body orientation during short periods of partial marker vis-
ibility,
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e applying a third-order Savitzky—Golay filter (window length 121) to correct short gaps and
suppress high-frequency noise.

This two-stage workflow substantially improved the effective measurement success rate and re-
duced marker dropouts caused by occlusion or orientation-dependent visibility loss. The resulting
trajectories form a high-quality basis for feature extraction, PCA, classification, regression, and
SHAP analysis in Chapters 3 and 4.

All datasets were managed using anonymized participant identifiers and date-based codes

(YYYYMMDD). A total of 46 complete laparoscopic nephrectomy procedures were recorded,
forming one of the largest optical-motion—based datasets for near-clinical laparoscopic training
reported to date.

2.2.6 Post-training questionnaire and surgeon grouping

Immediately after each cadaveric training session, all participating surgeons completed a struc-
tured, web-based questionnaire (SurveyMonkey, Momentive Inc., San Mateo, CA, USA). The
questionnaire collected background information and evaluated participants’ subjective impressions
of both the cadaveric training course and the motion-measurement system.

The first section collected demographic and professional information, including dominant hand,
sex, age, year of graduation, years of urologic experience, and certification status (urology special-
ist, urology training instructor). Participants also reported whether they held certification in the
Endoscopic Surgical Skill Qualification System (ESSQ) for laparoscopic urology. Case-volume
information was collected, including the number of laparoscopic procedures performed as primary
surgeon (all procedures) and the total number of laparoscopic nephrectomies.

The second section of the questionnaire focused on educational aspects of the course. Partic-
ipants rated their understanding of perirenal and retroperitoneal membrane anatomy before and
after the training, and evaluated the similarity of Thiel cadavers to living tissue (e.g., port inser-
tion, color and consistency of vessels and organs). Several items were rated on a 5-point Likert
scale (1: “strongly disagree” to 5: “strongly agree”).

Overall procedural workload was evaluated using the NASA Task Load Index (NASA-TLX)
[40], which provides sub-scores for mental demand, physical demand, temporal demand, perfor-
mance, effort, and frustration, as well as an overall composite workload score.

A specific item assessed whether reflective markers interfered with forceps manipulation. Sur-
geons rated the statement:

“The markers attached to the laparoscopic instruments disturbed my manipulation of
the forceps.”

Responses were analyzed descriptively to confirm that marker attachment did not significantly
hinder surgical handling, thereby supporting the ecological validity of the recorded motion data.

2.3 Real surgery: Motion data acquisition in a clinical
operating room
To evaluate the feasibility of optical motion capture in a clinical setting, instrument-trajectory

data were recorded during laparoscopic procedures performed in the Department of Urology at
Hokkaido University Hospital. Unlike the cadaveric and porcine experiments described earlier,
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Figure 2.5: Setup of the motion capture system in real clinical laparoscopic nephrectomy at
Hokkaido University Hospital.

these recordings were obtained under genuine clinical workflows, requiring strict consideration of
sterilization compatibility, marker stability, and non-interference with surgical manipulation.

This clinical motion-capture study was conducted under a separate institutional review board
(IRB) approval: Protocol No. 024-0363, Hokkaido University Hospital. All procedures for de-
vice sterilization, intraoperative deployment, and handling of clinical metadata were carried out in
accordance with this approval.

2.3.1 Marker-attached laparoscopic instruments

Four commonly used laparoscopic instruments were equipped with sterilizable, autoclavable rigid-
body marker clusters:

e Grasping Forceps (GF): used for traction, counter-traction, and maintaining exposure of
the operative field.

e Scissor Forceps (SF): used for soft-tissue dissection and fine cutting.
e Energy Device (LigaSure, ED): used for vessel sealing and energy-based tissue division.

o Clip Applier (CA): used for vascular clipping. A sterilizable marker-mounting structure
specifically designed for this project was prototyped and validated prior to deployment.

All marker fixtures were fabricated from sterilization-safe materials and were autoclaved or gas-
sterilized before each operation. Mounting positions were carefully chosen to avoid interference
with the surgeon’s grip, ergonomic handling, or trocar insertion angles.
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Grasping Forceps (GF) Scissor Forceps (SF)

Energy Device (LigaSure) (ED) Clip Applier (CA)— (Preparing)

Figure 2.6: Sterilizable marker-attached laparoscopic instruments used for real surgical motion
capture: Grasping Forceps (GF), Scissor Forceps (SF), Energy Device (LigaSure, ED),
and Clip Applier (CA). All instruments were equipped with rigid-body marker clusters
designed to withstand sterilization and avoid interference with intraoperative manipu-
lation.

2.3.2 Operating-room configuration

An OptiTrack V120:Trio system was installed adjacent to the endoscopic monitor to maximize
visibility of the instrument shafts and handles while maintaining full compliance with the sterile
drape layout. Compared with controlled laboratory or cadaveric setups, the clinical environment
introduced several additional sources of occlusion:

e temporary blockage by the surgeon’s or assistant’s hands,

e out-of-plane rotations that caused all markers to disappear simultaneously.

Despite these challenges, multiple high-quality motion segments suitable for feature extraction
and cross-environment comparison were successfully obtained.

2.3.3 Role of real-surgery data
The clinical recordings collected in this section were used to:
e assess the practical feasibility of optical motion capture in an active clinical workflow;

e compare the noise characteristics, occlusion patterns, and trajectory smoothness with those
observed in cadaveric and porcine environments;

e perform preliminary checks of feature robustness and cross-environment consistency in later
statistical analyses.
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2.4 Wet-Lab (Porcine Organ) Experiments

In addition to the Thiel cadaveric nephrectomy experiments, a series of wet-lab training sessions
using porcine organs were conducted to verify the robustness and reproducibility of the motion-
capture workflow under simplified experimental conditions. Compared with the cadaveric environ-
ment, wet-lab tasks involve fewer occlusions, shorter task durations, and more constrained instru-
ment trajectories, providing an ideal platform for confirming marker visibility, testing rigid-body
configurations, and validating the consistency of feature extraction.

The wet-lab dataset was not intended for full-scale skill assessment or machine-learning anal-
ysis. Instead, its role in this dissertation is threefold: (1) to confirm that the recording and export
procedures using OptiTrack V120:Trio function reliably in a low-occlusion environment; (2) to
evaluate the stability of feature computations across different instrument types, including needle-
type forceps used only in wet-lab tasks; and (3) to support cross-environment comparisons of mo-
tion characteristics at a descriptive level.

The following subsections describe the wet-lab setup, task definitions, instrument configura-
tions, and motion-capture procedure.

2.4.1 Experimental Setup

The porcine wet-lab experiments were conducted at the Simulation Center of Hokkaido University
Hospital, using a custom box-trainer platform integrated with an optical motion capture system and
standard laparoscopic instruments (Fig. 2.7). The goal of this setup was to reproduce the ergonomic
constraints and visual conditions of real laparoscopic surgery while enabling controlled, repeatable
tissue-handling tasks.

A full laparoscopic tower was used, consisting of an HD endoscopic camera, light source, insuf-
flator, and monitor. Participants performed all tasks in a standing position, following the posture
typically adopted in clinical laparoscopic procedures. The box trainer was placed on a height-
adjustable table to standardize ergonomic conditions across participants.

For motion capture, an OptiTrack V120 Trio system (three-camera IR unit) was mounted on a
dedicated tripod approximately 1.5-2.0 m in front of the box trainer. The optical axis was aligned
toward the trocar plane to maximize the visible working volume and ensure consistent marker vis-
ibility during instrument manipulation. All laparoscopic instruments were equipped with custom
rigid-body marker clusters identical to those used in the Thiel cadaver experiments, enabling con-
sistent kinematic feature extraction across environments.

The box trainer employed a three-port configuration (Fig. 2.8), consisting of three 12 mm ports:
one central port for the endoscopic camera and two lateral ports positioned at clinically relevant
angles for instrument insertion. Inside the trainer, porcine organs were secured to a stainless-steel
grid using elastic wires, providing a stable platform for standardized dissection tasks.

This experimental setup provided a high-fidelity wet-lab environment that captured essential
psychomotor characteristics of laparoscopic surgery, while supporting precise motion capture for
the quantitative analyses presented in subsequent chapters.

2.4.2 Task Design and Experimental Workflow

All porcine wet-lab experiments were conducted in the Simulation Center of Hokkaido University
Hospital. Participants performed the tasks in a standing clinical posture, using a standard laparo-
scopic tower and porcine abdominal organs placed in a dedicated box trainer. The experimental
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Figure 2.7: Wet-lab experimental setup used at the Simulation Center of Hokkaido University Hos-
pital. Participants performed the tasks in a standing position while using an HD laparo-
scopic tower and a box trainer equipped with porcine organs. The OptiTrack V120 Trio
optical motion capture system was positioned in front of the trainer to record 3D in-
strument trajectories throughout each task.

Figure 2.8: Three-port configuration of the box trainer used in the porcine experiments. All ports
were 12 mm in diameter, consisting of one central port for the endoscopic camera and
two lateral ports positioned at clinically relevant angles for instrument insertion.
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Figure 2.9: Rigid-body markers attached to the needle holders used in Task 2. (A) Needle holder
used in the left (assisting) hand. (B) Needle holder used in the right (dominant) hand.
These instruments were newly introduced only for the suturing task in the porcine wet-
lab experiment and differ from the grasping and dissecting forceps used in the cadaveric
nephrectomy training. Each needle holder was equipped with a four-marker rigid-body
cluster near the handle, allowing 6-DoF motion tracking with the OptiTrack V120 Trio
system under the same coordinate definition as in the cadaver experiments.

Figure 2.10: Porcine organ fixation within the box trainer. The tissues were secured to a stainless-
steel grid using elastic wires, providing a stable platform for standardized dissection
tasks.
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Figure 2.11: Laparoscopic suturing task using porcine organs in the wet-lab environment (Task 2).
Needle driving and intracorporeal knot tying were performed using marker-attached
needle holders. Motion data were recorded to obtain instrument tip position and ori-
entation during suturing.

protocol was designed to reproduce key psychomotor components of laparoscopic surgery while
maintaining stable motion capture using the OptiTrack V120 Trio system.

Overall task composition. Each participant completed two predefined tasks representing fun-
damental psychomotor components of laparoscopic dissection and suturing:

e Task 1: Dissection task. This task involved soft-tissue dissection and pedicle exposure
using three standard laparoscopic instruments: grasping forceps, scissor forceps, and a vas-
cular clip applier (Hem-o-lok type). The grasping forceps were used for traction and counter-
traction, the scissors for tissue division, and the clip applier for placing polymer locking clips.
The tip position and orientation were calculated from the attached rigid-body markers.

o Task 2: Suturing task This task involved needle handling, needle driving, and intracorpo-
real knot tying using a pair of laparoscopic needle holders (right and left). A single marker
cluster was attached to the proximal sheath of each instrument, allowing computation of tip
motion without independent sheath rotation or gripper-opening measurements. The metallic
surfaces of the needle holders were coated with matte black paint to prevent infrared reflec-
tion and ensure reliable marker detection.

Experimental workflow. All participants followed an identical workflow:

1. Synchronized start of V120 Trio motion capture and laparoscopic video.
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2. Task execution following standardized instructions to ensure equivalent experimental con-
ditions.

3. Motion data acquisition at 120 Hz with simultaneous HD video.

4. Environment reset before the next participant.

Rationale of the two-task design. Task 1 provides motion data containing traction, dissec-
tion, and instrument rotation typical of laparoscopic tissue manipulation, while Task 2 captures
fine bimanual control and complex rotational movements essential for suturing. Together, these
tasks represent a wide spectrum of laparoscopic psychomotor skills and complement the cadaveric
nephrectomy dataset described in Section 2.2.

Representative actions of Task 1 and Task 2 are shown in Figs. 2.10 and 2.11, and the needle
holders used in Task 2 are illustrated in Fig. 2.9.

2.4.3 Motion Capture Procedure

Motion data for both tasks were recorded at 120 Hz using the OptiTrack V120:Trio optical motion
capture system. Because the wet-lab environment involved fewer occlusions and simpler tool tra-
jectories than Thiel cadaver nephrectomy, a single-camera-set configuration provided stable and
reliable tracking throughout the sessions.

Wet-lab motion datasets were used exclusively for:

o verifying system operation and marker visibility,
e checking the consistency of motion-feature computations,
e validating the instrument-specific marker rigs.

Importantly, wet-lab motion data were not included in the statistical analysis, PCA, machine-
learning classification, regression, or SHAP interpretation presented in Chapters 3 and 4, due to
differences in task structure and workflow.

2.5 Data Synchronization and Management

Accurate synchronization among multimodal data streams is essential for integrating motion-capture
trajectories with corresponding operative visual information. In this study, synchronization proce-
dures were applied for the cadaveric nephrectomy experiments, where three independent recording
sources were used: (1) optical motion capture trajectories, (2) laparoscopic endoscopic video, and
(3) an external room-side video camera.

To avoid redundancy, synchronization details are described only once here.

2.5.1 Synchronization procedure in cadaveric experiments

Because the OptiTrack V120:Trio system, the laparoscopic imaging tower, and the external video
camera do not share a common hardware clock, synchronization was performed using a manual
start protocol. At the beginning of each nephrectomy session, the operator sequentially initiated
recording on all systems:

e Motive software (OptiTrack) for motion-capture logging (120 Hz),
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e the laparoscopic camera recording console,

e the external room-side video camera.

Post hoc temporal alignment was performed based on shared initial timestamps and identifiable
procedural events across all modalities.

2.5.2 Synchronization in Real Laparoscopic Surgery

Real laparoscopic nephrectomy performed at Hokkaido University Hospital used two data sources:
the V120:Trio motion-capture system and the laparoscopic endoscopic video.

Temporal alignment was performed using identifiable procedural events visible in both modal-
ities (e.g., instrument insertion and major dissection phases).

This approach enabled reliable post-hoc synchronization despite the absence of hardware trig-
gering.

Because the clinical environment involved relatively stable endoscopic imaging conditions,
temporal alignment across datasets was considered sufficiently robust for subsequent analysis.

2.5.3 Synchronization procedure in wet-lab experiments

Wet-lab porcine experiments employed only two data sources: the motion-capture system and
the laparoscopic endoscopic video. As in the cadaveric setting, the operator manually initiated
both recordings in synchrony. The absence of a room-side camera simplified post-hoc alignment.
Moreover, wet-lab tasks were shorter in duration and contained fewer occlusions, making temporal
matching highly stable and reliable.

2.5.4 File structure and dataset standardization

To support reproducibility, all data streams were organized with a consistent folder structure:

e Mocap/ — Raw and reconstructed CSV files exported from Motive.
e Videos/Endoscope/ — Laparoscopic recordings for each session.
e Videos/External/ — External camera videos (cadaver experiments only).

e Notes/ — Operator notes on occlusion events, camera changes, and anatomical difficulties.

Each session was assigned a unique anonymized identifier (e.g., 20230112_CadaverL), shared
across motion and video files. This ensured that motion trajectories, videos, and metadata could
be reliably cross-referenced during feature extraction and later analyses.

2.5.5 Rationale and implications for analysis

Although manual synchronization is less precise than hardware triggering, it provides sufficient
alignment for the objectives of this dissertation. The machine-learning analyses presented in Chap-
ters 3 and 4 rely solely on motion-capture trajectories, which preserve high temporal fidelity at
120 Hz. Videos were used only for qualitative review, GOALS rating, and annotation of instru-
ment usage phases. As such, sub-second synchronization accuracy was adequate and did not affect
statistical analysis, PCA, classification, or regression performance.
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This synchronization framework also supports future extensions such as automated video—mo-
tion alignment, workflow segmentation, or integration into remote tele-mentoring platforms de-
scribed in Chapter 6.

2.6 Tele-mentoring and Remote Surgical Support System

In addition to the on-site cadaveric and porcine experiments, this study also contributed to a col-
laborative project on tele-mentoring and remote surgical assistance between Hokkaido University
Hospital (HUH) and Obihiro Kousei Hospital.

This component is presented as a supplementary technical study and is not included in the
motion-analysis dataset or machine-learning framework of this dissertation.

2.6.1 System architecture

A bidirectional communication framework was established using high-bandwidth network infras-
tructure supported by a Multi-access Edge Computing (MEC) platform. The system consisted of:

e HUH (mentor side): senior laparoscopic surgeons provided real-time feedback based on
the endoscopic video streamed from the remote site.

e Obihiro Kousei Hospital (operator side): local surgeons performed laparoscopic or robotic
procedures while receiving live guidance.

e Endoscopic video transmission: high-definition laparoscopic video was encoded and trans-
mitted through the MEC-based low-latency network.

¢ External monitoring cameras: multiple viewpoints were used to confirm operative field,
instrument movement, and surgeon positioning.

e Delay-monitoring subsystem: round-trip end-to-end latency was measured using synchro-
nized LED—sensor triggers and timestamp logging, following the protocol described in the
MEC technical documents.

2.6.2 Data collected in the tele-surgery project

No motion-capture data were collected during the tele-mentoring sessions in this study.
Instead, the contribution of this study to the collaborative project focused on:

e recording and analyzing end-to-end latency under various network conditions;
e monitoring MEC and 5G network stability during procedures;
e confirming multi-camera synchronization at both sites;

e providing technical support, including device restarts and troubleshooting during transient
connection failures.

These activities are presented to demonstrate the feasibility of integrating motion-analysis frame-
works with remote surgical-support systems, rather than as part of the core analytical dataset.
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Figure 2.12: Remote mentoring workstation at Hokkaido University (mentor side). The instructor
monitors multiple synchronized video streams (endoscopic view, room-side view, and
console/robotic view) during the tele-mentoring session with Obihiro Kosei Hospital.

2.6.3 Relevance to this thesis

Although the remote surgery experiments do not contribute numerical motion-feature data, they
provide contextual validation for the future integration of quantitative surgical skill assessment into
tele-mentoring environments.

In particular, the latency data support future development of real-time feedback or predictive
modeling based on motion patterns under constrained network conditions.

2.7 Ethical Approval

This dissertation includes studies conducted under four independent ethics approvals issued by
Hokkaido University Hospital. These approvals cover cadaveric surgical training, porcine wet-lab
experiments, real-surgery motion capture, and telementoring studies.

2.7.1 Cadaveric laparoscopic motion capture

Motion-capture measurements during cadaveric laparoscopic nephrectomy training were initially
approved under protocol Med20-027 (2020/12/14). A revised and expanded version of this proto-
col was subsequently approved as CERIA022-003 (2022/08/17-2027/03/31) as a comprehensive
review. This protocol did not require additional submission to the Faculty of Medicine ethics com-
mittee.
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2.7.2 Porcine wet-lab experiments

Porcine laparoscopic training experiments were conducted under protocol 018—0257, approved on
2019/03/12. All experimental procedures complied with institutional guidelines for the use of
biological specimens in surgical training.

2.7.3 Real-surgery motion measurement

Motion-capture data acquired during clinical laparoscopic surgery were approved under protocol
024-0363 (2024/11/27). This approval permitted the acquisition of instrument trajectories together
with associated clinical metadata stored in the hospital’s secure database. Patient identifiers re-
mained within the hospital system and were not exported to the research environment; all motion
data used for analysis were fully anonymized in accordance with institutional data-protection poli-
cies.

2.7.4 Telementoring studies

Exploratory telementoring experiments were conducted under protocol 023-0006 (2023/04/06).
These studies are referenced in this dissertation only to outline future applications of surgical mo-
tion analysis and were operationally separate from the motion-capture experiments.

2.7.5 Data protection and anonymization

All protocols complied with institutional and national guidelines for research involving human
subjects, animal specimens, and cadaveric materials. Clinical identifiers were retained exclusively
within hospital servers and were not accessible during analysis. The datasets used in this disserta-
tion contained no patient-identifiable information or recognizable images.

2.8 Summary

This chapter described the measurement systems and data-acquisition environments used through-
out this study. Optical motion capture was applied across cadaveric nephrectomy, real laparoscopic
surgery, and porcine wet-lab tasks, with consistent marker configurations and standardized export
formats. Each experimental environment required specific adaptations in camera placement, in-
strument preparation, and recording workflow.

In the cadaveric and real-surgery settings, motion capture was combined with laparoscopic
endoscopic video, whereas the porcine wet-lab experiments used motion capture alone due to their
simplified setup. For all datasets, instrument types, marker arrangements, and data-management
procedures were kept uniform to ensure compatibility with the feature-extraction pipeline presented
in Chapter 3.

Ethical considerations for cadaveric, surgical, and wet-lab experiments were addressed accord-
ing to institutional and national guidelines. The resulting datasets form the basis for the quantitative
motion analysis and machine-learning investigations in subsequent chapters.



Chapter 3

Feature Extraction and Statistical
Analysis

3.1 Overview of the Feature Extraction Pipeline

This chapter focuses on the extraction of quantitative kinematic features from motion-capture data

after preprocessing.

All motion-capture recordings were first exported from Motive as comma-separated value (CSV)
files. Each rigid body—representing the left-hand instrument, right-hand instrument, and any addi-
tional tools—contained synchronized position and orientation streams at 120 Hz. The subsequent

processing pipeline consisted of four major stages:

1. Structural reconstruction and missing-frame correction: For datasets recorded using

Motive 2.1.1, rigid-body trajectories were reconstructed to restore frames lost due to occlu-
sion or marker misidentification.

. Temporal smoothing and interpolation: Position signals were smoothed using a Savitzky—
Golay filter (third-order polynomial, 121-sample window). Missing samples were interpo-
lated using linear interpolation, and the measurement rate was computed as the proportion
of frames that did not require smoothing or interpolation.

. Segmentation into surgical phases: Cadaveric nephrectomy procedures were manually
divided into three procedural phases (Phase 1-3), allowing phase-specific feature analysis.

. Feature computation: Kinematic features were extracted from the smoothed trajectories.
These included linear and angular velocity, acceleration, jerk, motion-intensity distributions
(idle/low/middle/high/very-high), path length (PL), direction-changed path length (DPL),
directional variability (DV), working-area metrics, and angular metrics such as instrument
roll and pitch—yaw changes. All computations were performed independently for each rigid
body.

This standardized pipeline ensured that all datasets—regardless of differences in surgical en-
vironment, instrument type, or recording system—were processed under uniform criteria. The
resulting features form the basis for the statistical analyses, PCA visualizations, and classifica-

tion/regression models described in the subsequent sections of this chapter.
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1. Structural reconstruction (in cadaver training) & missing-frame correction

2. Temporal smoothing & interpolation
Savitzky—Golay filter (order 3, window 121)
Measurement rate = valid frames / total duration

h

3. Segmentation into procedural phases
Cadaver:Phase 1-3 (manual)

4. Feature computation
Velocity, acceleration, jerk, PL/DPL/DV, motion distributions,
working area, angular metrics (roll, pitch—yaw), etc.

Figure 3.1: Overview of the motion-capture feature extraction pipeline. All datasets (cadaveric,
real surgery, and wet-lab) were processed using the same standardized procedure.

3.2 Feature Extraction

A comprehensive set of kinematic features was extracted from the 120 Hz optical motion-capture
data recorded during cadaveric laparoscopic nephrectomy. All trajectories were reconstructed and
smoothed using a Savitzky—Golay filter (order 3, window size 121). For each instrument, 3D
position and orientation data were transformed into a local coordinate system in which the x-axis
corresponds to the depth direction (i.e., the surgical port axis). In all analyses, the local coordinate
system of each instrument was defined based on the rigid-body orientation described in Chapter 2,
where the longitudinal axis of the instrument is aligned with the local x-axis.

3.2.1 Temporal and Spatial Workspace Features

Operative Time (OT). OT represents the total duration required to complete the task:
OT = N X At, At = 1/120 s.

Here, N is the number of valid motion-capture frames. OT is expressed in seconds.

Using Time (UT). UT quantifies the duration during which an instrument is actively used. A
frame is classified as “active use” if the instrument tip is located within the predefined ROI and
exhibits motion above a small movement threshold (or if the activation signal is ON for energy/clip
devices):

UT = N,

active

X At.
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3.2 Feature Extraction

3.2.2 Path-Based Metrics

Path Length (PL). The total 3D distance traveled by the instrument tip:

N-1
PL= Z i — o -
i=1
Trajectory segments outside the predefined region of interest (ROI) were excluded.

Depth Path Length (DPL). DPL quantifies motion along its sheath axis:

N-1
DPL = ) [x;; — xl.
i=1

Depth Velocity (DV). The average velocity along its sheath axis:
el
=

3.2.3 Speed-, Acceleration-, and Jerk-Based Metrics

Mean velocity.

_ Ipir1 — pill
Ui = T
Mean acceleration.
Ui 0
! At
Mean jerk.
s
A v

3.2.4 Velocity Distribution Metrics

Velocities were categorized into five ranges (cm/s):
e Idle: 0-0.5
e Low: 0.5-2.0
e Middle: 2.0-5.0
e High: 5.0-12.0
e Very high: >12

For each range:

RatiO Kk =
total



Chapter 3. Feature Extraction and Statistical Analysis

3.2.5 Orientation Metrics

AL-Roll. Sum of absolute frame-to-frame roll-axis rotations. Both AL-Roll and AL-PitchYaw
are expressed in degrees.

AL-PitchYaw. Combined pitch and yaw cumulative rotation:
AL—PitchYaw = )" (|A0en ;| + [0y, ,1) -
i

Working Area (WA). The spatial spread of instrument-tip motion in the plane perpendicular to
the axis (X—Z plane) is computed using percentile ranges:

WA = (x0_975 - xo.ozs) (20.975 - Z0.025) )

where x( 975 and x (o5 denote the 97.5th and 2.5th percentiles of the X-coordinate distribution,
and similarly for z. WA is expressed in cm?. In the cadaveric experiments, the Z-axis corresponds
to the head—foot (anatomical longitudinal) direction, whereas in the porcine environment it serves
as a non-anatomical in-plane reference axis.

3.2.6 Bimanual Coordination Metrics

BD (Bimanual Dexterity).

BD = Mean(veg) .
Mean(uright)

Values greater than 1 indicate left-hand—dominant motion, whereas values less than 1 reflect right-
hand dominance.

RPLB (Ratio of Path Length for Both Hands).
PLleft
+PL

RPLB =

PL right,energy

right,scissor
Values closer to 1 represent more balanced bimanual workloads between the assisting and working

instruments.

Additional ratios. Left-right path-length ratios (e.g., PL; /PLy) were computed to assess bi-
manual workload balance.

3.2.7 Summary

The resulting feature set includes PL, DPL, DV, mean velocity, acceleration, jerk, five-stage ve-
locity distributions, cumulative orientation metrics (AL-Roll, AL-PitchYaw), and bimanual indices
(BD, RPLB, and left-right ratios), providing a multidimensional description of efficiency, smooth-
ness, rotational control, and bilateral coordination.

3.3 Feature Pre-processing

Prior to statistical analysis and machine-learning modeling, all extracted kinematic features un-
derwent a standardized pre-processing workflow to ensure comparability across procedures and
participants.
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3.4 Statistical Analysis

3.3.1 Handling missing values

Missing frames arising from occlusion or reconstruction loss were identified. Short gaps (< 0.105s)
were linearly interpolated, whereas longer gaps remained missing and were excluded from feature
computation.

3.3.2 Temporal smoothing

All trajectories were smoothed using a third-order Savitzky—Golay filter (window length: 121 sam-
ples). Velocity and acceleration were computed using central finite differences; jerk was obtained
from filtered acceleration.

3.3.3 Robust normalization

Because many kinematic features exhibit non-Gaussian distributions and may contain outliers orig-
inating from reconstruction imperfections, all features were standardized using a robust Z-score

(RZS). The RZS is defined as:
Xi = Xpm

Zl= .
NIOR

where x; is the data value, x,, is the median, and N I QR is the normalized interquartile range:

NIQR =0.7414 X IQR, I0OR=0;5-0;.

This normalization is less sensitive to extreme values than mean—standard deviation scaling and
is therefore well suited to surgical motion data. Normalization was performed separately for each
instrument type.

3.3.4 Outlier handling

Outliers beyond Q1 — 3IQR or O3 + 3IQR were winsorized to the boundary limits. No trials were
discarded.

3.3.5 Statistical feature filtering

Kruskal-Wallis tests (three groups) or Mann—Whitney U tests (two groups) were applied. Only
features with p < 0.05 entered PCA or machine-learning models.

3.3.6 Summary

The complete workflow consisted of: reconstruction, smoothing, derivative calculation, interpola-
tion, winsorization, normalization, and statistical filtering.

3.4 Statistical Analysis
Statistical analyses were conducted to identify motion features that showed significant differences

among surgeon groups prior to dimensionality reduction and machine-learning classification. All
analyses were performed exclusively on the cadaveric nephrectomy dataset.
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3.4.1 Group definitions

Two grouping schemes were used:

e Experience-based groups: novice (0-9 surgeries), intermediate (10—49), expert (>50).

o Certification-based groups: ESSQ-certified vs. non-certified.

3.4.2 Univariate statistical testing

Normality was assessed with the Shapiro—Wilk test. As most features were non-Gaussian, non-
parametric tests were applied:

e Mann—Whitney U test for two-group comparisons (ESSQ vs. non-ESSQ);

o Kruskal-Wallis test for three-group comparisons, followed by pairwise Mann—Whitney U
tests when appropriate.

A significance threshold of p < 0.05 was used. Multiple-comparison correction was not ap-
plied because this step served only as an initial feature-screening procedure prior to dimensionality
reduction and cross-validated machine-learning analyses, which provide additional regularization
against overfitting. Features failing to reach significance in either grouping were excluded from
subsequent PCA and machine-learning analyses.

3.5 Data Quality and Descriptive Visualization

Before conducting feature extraction and machine-learning analyses, the quality and complete-
ness of the cadaveric motion-capture data were evaluated. Descriptive visualizations were also
generated to verify the consistency of instrument usage and to qualitatively inspect characteristic
differences among instruments. These analyses ensure the reliability of the dataset and provide
empirical support for the feature definitions introduced in Section 3.2.

3.5.1 Measurement rate of motion capture

The measurement rate was defined as the ratio between the number of valid motion-capture frames
and the theoretical number of frames expected at 120 Hz. A frame was considered valid when all re-
flective markers forming a rigid body were simultaneously detected and successfully reconstructed
by Motive. Incomplete frames caused by temporary occlusion, marker overlap, or instrument ro-
tation leading to partial marker visibility were automatically discarded.

Table 3.1 summarizes the distribution of measurement rates for the six surgical instruments
used in the cadaveric nephrectomy dataset. Overall, the motion-capture system demonstrated
high reliability across all instruments, with median measurement rates exceeding 92% and sev-
eral instruments—particularly the Clip Applier (CA), Right-angle Forceps (RF), and Suction Tube
(ST)—achieving values above 98%. These results indicate that occlusion events were limited and
that rigid-body recognition was stable throughout most procedures.

To ensure data quality for downstream analyses, trials with extremely low measurement rates
were reviewed. All analyzed trials (46 procedures) provided sufficiently dense trajectories for fea-
ture extraction, task-level quantification, and machine-learning analyses presented in subsequent
chapters.



3.5 Data Quality and Descriptive Visualization
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Figure 3.2: Representative data of instrument usage timeline during the cadaveric nephrectomy ses-
sion. Each horizontal bar indicates an active period of a specific instrument, illustrating
the overall workflow and tool transitions. Brief and clearly identifiable misclassifica-
tion segments were manually removed following verification with synchronized video.

Table 3.1: Measurement rate of surgical instruments. Values are expressed as median (1st quar-
tile-3rd quartile).

Surgical instrument Measurement rate (%)
Grasping Forceps (GF) 92.74 (89.88-95.75)
Scissor Forceps (SF) 93.72 (88.91-96.36)
Clip Applier (CA) 98.87 (93.61-99.90)
Energy Device (ED) 94.22 (88.65-97.60)
Right-angle Forceps (RF) 98.40 (96.47-99.97)
Suction Tube (ST) 98.79 (96.48-99.79)

High measurement rates also confirm that smoothing and interpolation procedures—applied
using a third-order Savitzky—Golay filter (window size: 121 frames)—contributed minimally to
the effective trajectory length, preserving the temporal fidelity required for velocity-, acceleration-
, and jerk-based kinematic features.

3.5.2 Summary of screened feature set

The remaining features after significance testing and correlation filtering formed the final input set
for PCA, visualization, and classification models. These features and their importance are reported
in Chapter 4.

3.5.3 Definition of the Region of Interest (ROI)

The Region of Interest (ROI) used for kinematic analysis was defined based on the spatial relation-
ship between the cadaver body, surgical ports, and anatomical markers. Two definition methods
were adopted depending on whether the port positions were recorded.

Figure 3.4(a) illustrates the standard ROI definition, which was used when the coordinates of all
surgical ports were available. The ROI was modeled as a rectangular box aligned with the floor (X—
Z plane) and oriented parallel to the anatomical reference line connecting the shoulder and knee
(red dashed line). Its mediolateral width was set to 0.4/, where [ represents the shoulder—knee
distance. The craniocaudal height and anteroposterior depth were fixed at 300 mm. The cranial
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boundary of the ROI was positioned 50 mm below the level of the anterior superior iliac spine,
while the caudal boundary was placed at 0.05 / distal to the most caudally located surgical port.

In six cases where port positions were not recorded, the alternative definition shown in Fig-
ure 3.4(b) was applied. The overall dimensions of the ROI (width, height, depth) remained un-
changed, but the anchoring reference was shifted to anatomical markers. Specifically, the cranial
boundary was defined as 0.15 / from the shoulder marker along the shoulder—knee line, ensuring a
consistent anatomical frame of reference across all cadaver sessions.

This dual-definition strategy allowed consistent ROI construction while accounting for vari-
ability in recorded port information, enabling reliable comparison of instrument trajectories across
all cases.

3.5.4 Visualization of instrument usage timeline

To validate the temporal annotation and verify consistency between the motion-capture data and in-
traoperative endoscopic video, instrument-usage timelines were created. Each colored bar indicates
the period during which a specific instrument was actively used, as determined by synchronized
endoscopic-video review.

During this process, brief and clearly identifiable misclassification segments (e.g., caused by
instrument overlap or tracking errors) were manually removed based on synchronized video verifi-
cation. These corrections were limited and treated as adjustments of obvious misrecognition rather
than missing data.

An example from a representative data is shown in Figure 3.2. Although these timelines were
not directly used as input for machine-learning models, they served as an important diagnostic
tool to confirm segmentation consistency and to ensure that each instrument’s active phase corre-
sponded to its actual intraoperative usage.

3.5.5 Three-dimensional trajectory visualization

To further illustrate spatial characteristics of surgical manipulation, three-dimensional trajectories
were visualized for all six cadaveric instruments: Grasping Forceps (GF), Scissor Forceps (SF),
Energy Device (ED), Clip Applier (CA), Right-angle Forceps (RF), and Suction Tube (ST). Each
trajectory plot displays the measured (red) and interpolated (yellow) segments, together with the
trocar positions and the port-box boundary used during the cadaveric nephrectomy tasks.

A combined six-panel visualization is presented in Figure 3.3. These plots reveal clear differ-
ences in working area, depth motion, and manipulation strategy among instruments. For example,
graspers and scissors exhibit compact motion volumes, whereas the Energy Device and Suction
Tube occupy larger depth ranges. These qualitative patterns match the quantitative features intro-
duced in Section 3.2 (e.g., working area, DPL, DV) and help validate their design.

Overall, the descriptive visualizations in this section provide qualitative confirmation of data in-
tegrity and operational context. They support the validity of subsequent feature-based and machine-
learning analyses in Chapters 4 and 5.
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Figure 3.3: Representative data of three-dimensional reconstructed trajectories of six instruments
during the cadaveric nephrectomy. Each subplot visualizes the cleaned, interpolated,

and outlier-removed motion of one instrument, with trocar positions provided as spatial
reference.
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Anterior superior
|I|ac splne

Anterior superior
iliac spine
@

Figure 3.4: Overview of ROI definition methods. (a) ROI definition based on recorded port coor-
dinates. (b) ROI definition based on anatomical markers when port coordinates were
unavailable.
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3.6  Skill-related feature analysis

3.6 Skill-related feature analysis

To explore how fundamental kinematic features reflect surgical proficiency, statistical comparisons
were performed across three experience groups: novice, intermediate, and expert. Significant dif-
ferences were observed in both efficiency-related features (e.g., path length of the grasping for-
ceps, scissor forceps, and energy device) and velocity-related features across experience groups
(Kruskal-Wallis test, p < 0.05). These results were consistent with the trends previously reported
in our porcine organ training model, confirming a similar relationship between surgical proficiency
and kinematic indices.

3.6.1 Participants’ backgrounds

A total of 36 surgeons participated in the cadaveric surgical training (CST) program, classified
into three experience groups based on their prior laparoscopic operative volume: 17 novices (0-9
cases), 19 intermediates (10—49 cases), and 10 experts (>50 cases). Several surgeons completed
the CST more than once: four novices and two experts participated twice, and two novices par-
ticipated three times. These repeated participations resulted in a total of 46 analyzed laparoscopic
nephrectomy procedures.

Demographic information. The median age was 32 years (range: 27-52). The cohort con-
sisted of 30 males and 6 females. Regarding handedness, 35 participants were right-handed and 1
was left-handed.

Laparoscopic experience. Participants exhibited a wide range of laparoscopic experience,
categorized by the number of previously performed laparoscopic surgeries:

0-9 procedures: n =9

10-49 procedures: n = 19

50-99 procedures: n =1

100-499 procedures: n =7

Formal technical qualification. Seven surgeons held the Japanese Endoscopic Surgical Skill
Qualification (ESSQ), whereas twenty-nine did not. ESSQ-certified surgeons were treated as vali-
dated experts in subsequent analyses.

Summary. Overall, the participant pool covered the full spectrum of laparoscopic proficiency—from
novice to highly experienced surgeons—providing a representative basis for evaluating motion-
related skill indices, principal-component structures, and machine-learning classification models

in later sections.

3.6.2 Comparison of representative kinematic features

As shown in Figure 3.5, clear skill-dependent trends were observed. Experts completed the nephrec-
tomy tasks significantly faster than novices and intermediates (p < 0.01). The proportion of low-
velocity operation time (DVL) was highest among novices, indicating slower and less continuous
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manipulation. Conversely, experts demonstrated a smaller DVL ratio, reflecting smoother forceps
handling and better temporal continuity.

The total path length (PL) of the grasping forceps exhibited a similar pattern: experts showed
significantly shorter and more efficient instrument trajectories (p < 0.01). This result suggests
that experienced surgeons maintain a smaller and more controlled workspace, while novices often
perform excessive or redundant movements.

3.6.3 Summary and implications

These results confirm that temporal and spatial kinematic indices effectively reflect technical pro-
ficiency in laparoscopic manipulation. Specifically:

e Operating time increases markedly in novice surgeons.

e Low-velocity ratio (DVL) decreases with experience, indicating improved smoothness and
control.

e Path length (PL) shortens with experience, representing enhanced motion efficiency.

Such trends align with findings from previous motion-analysis studies, and provide empirical
support for the kinematic feature set used in subsequent PCA and machine-learning evaluations.
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Figure 3.5: Boxplots of key kinematic skill indices across three experience levels. (Left) Operation
time (OT); (Center) Low-velocity ratio of scissor forceps (DVL); (Right) Path length
of grasping forceps (PL). Statistical differences were evaluated using Kruskal-Wallis

test.
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3.7 Surgical Phase Segmentation

Laparoscopic nephrectomy consists of multiple heterogeneous subtasks that require different psy-
chomotor skills, visual-motor coordination, and instrument-handling patterns. Evaluating surgical
performance using the entire procedure as a single undivided unit is therefore inappropriate, as it
mixes fundamentally different actions into one metric. To obtain phase-specific and skill-sensitive
indicators, the procedure was manually segmented into three phases based on the intraoperative
workflow.

3.7.1 Definition of the three phases

The segmentation was performed by an experienced surgeon using synchronized endoscopic videos
only.
For both left- and right-sided nephrectomy, the following three phases were defined:

e Phase 1: Colon mobilization

— Left nephrectomy: mobilization of the descending colon with cranial retraction of the
spleen.

— Right nephrectomy: mobilization of the ascending colon and Kocherization of the duo-
denum.

This phase involves bowel mobilization and exposure of the operative field.

e Phase 2: Renal vessel control Identification and dissection of the renal artery and vein,
followed by placement of vascular clips. Because cadaveric tissues do not bleed, hemostasis
is not part of this phase.

e Phase 3: Resection of residual perirenal tissue culminating in complete mobilization of
the kidney.

3.7.2 Purpose of phase-based skill evaluation

The present study evaluates technical skill in each of the three phases individually. phase-based
segmentation enables clearer identification of which motion features—such as path length, velocity
profiles, and depth motion—reflect proficiency within each subtask. This provides a more accurate
and granular assessment of surgical performance compared with whole-procedure analysis.

3.8 Summary

In this chapter, we established a complete kinematic-processing framework for analyzing cadav-
eric laparoscopic nephrectomy procedures, beginning with motion data preprocessing and extend-
ing through feature extraction, data quality assessment, and preliminary skill-related evaluations.
The workflow was designed to ensure that the resulting kinematic indices were both reliable and
physiologically interpretable, enabling downstream analyses in subsequent chapters.

A series of preprocessing steps were implemented to correct for measurement noise, marker
occlusion, and missing data inherent to optical motion capture. Robust smoothing, interpolation,
and outlier removal ensured stable reconstruction of the instrument-tip trajectories. The Region of
Interest (ROI) was then defined to standardize the spatial domain of analysis across all cadaver ses-
sions. Because cadaver postures, port placements, and available reference markers varied between
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procedures, two ROI-definition strategies were developed: one based on recorded port positions,
and another based on anatomical landmarks such as the shoulder and anterior superior iliac spine.
This dual-definition approach ensured geometric consistency of the workspace and enabled fair
comparison of kinematic variables across trials.

Data quality was evaluated using measurement rate (the ratio of valid frames to the theoretical
120 Hz sampling count). All major instruments demonstrated high measurement rates, confirming
that the reconstructed trajectories were sufficiently complete for quantitative analysis.

Using the cleaned trajectories, we extracted a comprehensive set of kinematic features that char-
acterize temporal efficiency, velocity distribution, spatial economy of movement, and tool usage
patterns. Skill-related statistical comparisons revealed clear differences among novice, intermedi-
ate, and expert surgeons. Experts completed the nephrectomy tasks with shorter operative time,
smaller low-velocity ratios, and reduced path lengths, indicating smoother, more economical in-
strument control. These feature-based trends were consistent with previous motion-analysis stud-
ies and reproduced the tendencies observed in wet-lab porcine training experiments, supporting
the generalizability of the proposed kinematic framework.

The findings of this chapter demonstrate that the constructed preprocessing pipeline, ROI stan-
dardization, and kinematic feature set provide a robust foundation for quantitative assessment
of surgical skill. These validated features form the basis for the dimensionality reduction and
machine-learning methods presented in Chapters 4 and 5. In particular, the PCA analysis in the
next chapter leverages the feature space established here to clarify the dominant movement patterns
associated with surgical expertise, while the classification models further evaluate the discrimina-
tive power of these kinematic indices. Overall, Chapter 3 establishes the methodological backbone
for the subsequent analytical components of the dissertation.
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Chapter 4

Machine-Learning Based Surgical
Skill Classification

Building upon the kinematic feature extraction and descriptive analyses presented in Chapter 3,
this chapter introduces the machine-learning framework developed to classify surgical skill levels
during laparoscopic nephrectomy. While traditional skill assessment relies on expert observation
and structured rating systems, motion-capture data provide an objective and quantitative repre-
sentation of surgical performance. The goal of this chapter is to utilize these objective indices to
construct robust classification models capable of distinguishing between different levels of surgical
expertise.

The analyses focus on two complementary classification problems:

e Three-group classification: novice, intermediate, and expert.

¢ Binary classification: ESSQ-certified versus non-certified surgeons.

To support these tasks, we integrate dimensionality reduction using Principal Component Anal-
ysis (PCA), supervised learning models (Random Forest, Support Vector Machine, and PCA-
SVM), and a nested and repeated 5-fold cross-validation framework to ensure generalizability and
prevention of overfitting.

This chapter is organized as follows. Section 4.1 presents the PCA results and interprets the
latent structure underlying the kinematic feature space. Section 4.2 describes the construction of
the machine-learning models and the normalization and validation pipeline. Section 4.3 reports
classification performance across phases and model types. Section 4.4 introduces SHAP-based
model interpretation to identify the most influential motion features contributing to classification
decisions.

Previous studies have applied machine-learning models to surgical motion features for auto-
mated skill assessment, primarily in box trainers, VR simulators, or robotic systems [13, 41,42, 43].
In this chapter, we extend such approaches to Thiel-embalmed cadaveric laparoscopic nephrectomy
using a dedicated MoCap-based feature set and phase-wise analysis.

The methods and results presented here form the foundation for the regression analysis of
GOALS scores in Chapter 5.
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4.1 Principal Component Analysis

PCA was performed to clarify the latent structure of the kinematic feature space and to identify the
combinations of indices that most strongly characterize surgical skill. Because the original feature
set included highly correlated temporal, spatial, and velocity—distribution metrics, PCA provided
an effective approach to reduce dimensionality while retaining the major variance components
relevant to technical proficiency.

Principal Component Analysis (PCA) is a dimensionality reduction technique that transforms
a set of correlated variables into a smaller number of uncorrelated principal components. Each
principal component represents a linear combination of the original features and captures a specific
direction of variance in the data.

In this study, PCA was applied to the normalized kinematic feature set to identify dominant
patterns of variation associated with surgical skill. The first few principal components (PC1-PC3)
were analyzed, as they explain the majority of the variance and provide interpretable representa-
tions of underlying motor behavior.

Two PCA analyses were conducted: (1) three-group classification (novice, intermediate, ex-
pert), and (2) binary classification based on ESSQ certification. Separate PCA models were com-
puted for the whole procedure and for each of the manually segmented subprocesses.

4.1.1 PCA for three-group classification

Figures 4.1a presents the loading heatmaps for whole phase, and figures 4.1b—4.1d present the
loading heatmaps for Phase 1 and Phase 3. Across both tasks, the first three principal components
(PC1-PC3) explained the majority of the variance beyond (75%), and consistent patterns emerged.

PC1: Motion efficiency and economy of movement. PCI1 showed strong negative load-
ings for:

e Path length (PL) of all forceps;

e Depth-direction path length (DPL);

e Low-speed ratio (PLow);

e Task duration (OT).

These indices are known markers of inefficient motor control. Experts typically showed smaller
PL, lower PLow, and shorter OT, meaning that a larger negative PC1 score corresponds to higher
proficiency. Conversely, novices showed large positive contributions to PC1, reflecting redundant
movements and poor temporal efficiency.

PC2: Velocity distribution balance and smoothness. PC2 was dominated by the velocity-
distribution features (idle, low, middle, high, very-high zones). Intermediate surgeons tended to
show moderate contributions across all ranges, while experts exhibited higher high-speed ratios
and lower idle/low-speed components. PC2 thus captures smoothness and continuity of instru-
ment manipulation.
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PC3: Localized instrument-specific patterns. PC3 presented loadings specific to ad-
vanced manipulations:

e Pitch—yaw amplitude changes (AL-PitchYaw);
e Forceps-specific speed/acceleration;
e Deep-angle trajectory components.

These patterns often reflect short, decisive movements used by experts during critical steps
(e.g., sealing, cutting, clip application). PC3 therefore represents higher-order control strategies
rather than basic efficiency.

Interpretation of skill groups. When plotting PC1-PC2 scores, novices clustered strongly at
high PC1 and low PC2, indicating slow, inefficient trajectories. Experts clustered at the opposite
quadrant (low PC1, high PC2), reflecting rapid and economical manipulation. Intermediate partic-
ipants were distributed between the two extremes, confirming that PCA captured meaningful skill
gradients.

4.1.2 PCA for ESSQ-based binary classification

Figures 4.2a—4.2d display the PCA loadings for ESSQ-certified versus non-certified surgeons.
Compared with the three-group model, the ESSQ PCA emphasized slightly different dimen-
sions:

PC1: High-level motion proficiency. PCI contained:
e very-high-speed ratio (PVH);
e acceleration/jerk indices;
e minimal path length of the dominant-hand forceps.
ESSQ-certified surgeons typically demonstrated:
e shorter PL,
e smaller DPL,
e higher PVH and PH,
e and reduced idle/low-speed ratios.

Thus, PC1 in the ESSQ model maps directly to expert kinematic signatures.

PC2: Instrument-specific strategic patterns. PC2 in the ESSQ PCA highlighted:
e grasping forceps working area (WA),
e scissor forceps jerk,

e clip applier UT (using time),
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e depth-direction velocities (DV).

This suggests that ESSQ surgeons tend to:

e work within a compact and controlled workspace,
e execute clean and purposeful scissor movements,

e and use the clip applier more efficiently.

PC3: Fine motor control and angular adjustments. PC3 showed meaningful contribu-
tions from:

e AL-PitchYaw,
e AL-Roll,
e middle-speed ratio (PMiddle).

These angular parameters are associated with subtle adjustments of the instrument tip—skills
typically mastered by ESSQ-certified surgeons.

Interpretation for ESSQ skill classification. ESSQ-certified surgeons formed a compact
cluster at lower PC1 (high efficiency) and higher PC2 (controlled workspace), whereas non-certified
participants were widely dispersed. This indicates that ESSQ criteria correspond closely to motion-
efficiency dimensions captured automatically by PCA.

Comparison between whole-procedure PCA and phase-wise PCA revealed both consistent and
phase-specific characteristics of surgical motion.

Across all phases, PC1 consistently represented motion efficiency, with similar contributions
from path length, low-speed ratio, and task duration, indicating that overall efficiency is a stable
and global indicator of surgical skill.

In contrast, phase-wise PCA demonstrated variations in PC2 and PC3. In Phase 1 (colon mobi-
lization), broader spatial movements and workspace-related features showed higher contributions,
reflecting exposure and tissue mobilization. In Phase 2 (renal vessel control), depth-related motion
and fine instrument control became more dominant, consistent with the precision required for vas-
cular dissection and clipping. Phase 3 (perirenal tissue dissection) exhibited mixed characteristics,
combining both efficiency and localized control patterns.

These findings suggest that while global skill differences are captured by common latent dimen-
sions, phase-based analysis provides additional resolution to identify phase-specific motor strate-
gies.

4.1.3 Summary

Across all tasks and classification settings, PCA consistently identified three latent dimensions of
surgical manipulation:

1. Motion efficiency (PC1): trajectory length, temporal efficiency, and low-speed dominance.

2. Smoothness and velocity distribution (PC2): proportion of fast, continuous motion versus
idle/low-speed manipulation.



4.1 Principal Component Analysis

3. Higher-order control strategies (PC3): instrument-specific angular adjustments and fine
motor behaviors.

These components align with established skill assessment frameworks and match the descrip-
tive analyses presented in Chapter 3. Therefore, PCA not only serves as a dimensionality reduc-
tion tool but also provides meaningful, interpretable structure that supports subsequent machine-
learning classification in Section 4.3.
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Figure 4.1: PCA loading heatmaps for three-group classification: (a) whole phase, (b) Phase 1, (c)
Phase 2, and (d) Phase 3.
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4.2 System Construction for Machine-Learning—based Skill
Classification

To develop a robust and reproducible analytical pipeline for surgical skill classification, a fully
standardized machine-learning framework was constructed. The system integrates all components
from motion-capture preprocessing, feature extraction, feature selection, dimensionality reduction,
and model training, to cross-validated performance evaluation. This unified workflow ensures
that classification results are directly comparable across different analytical settings (three-class
experience level classification and ESSQ-based two-class classification), and supports transparent
interpretation in subsequent SHAP analysis.

4.2.1 Overview of the analytical workflow

Figure 4.3 presents an overview of the machine-learning pipeline (Model 1), which consists of the
following components:

1. Data preprocessing: missing-value handling, measurement-rate filtering, and outlier re-
moval using the robust Z-score method;

2. Feature construction: extraction of kinematic features from each instrument, including
velocity/acceleration metrics, frequency-domain features, motion smoothness indices, com-
plexity descriptors, and cumulative orientation metrics (AL-Roll and AL-PitchYaw);

3. Statistical filtering: Kruskal-Wallis tests (three-class) or Mann—Whitney U tests (ESSQ
two-class) to pre-select significant features (p < 0.05);

4. Dimensionality reduction: principal component analysis (PCA) applied to standardized
features, reducing redundancy and extracting orthogonal motion components;

5. Model training: three primary classifiers were used: Support Vector Machine (SVM), PCA-
SVM, and Random Forest (RF);

6. Performance evaluation: nested cross-validation (inner-loop parameter search, outer-loop
testing) to obtain unbiased accuracy estimates.

The pipeline was identically applied to both classification tasks: (i) novice—intermediate—expert
(three-class), and (ii) ESSQ-certified vs. non-certified (two-class).

4.2.2 Advanced workflow with SHAP interpretability

To enhance interpretability, an extended pipeline was constructed. In this model, the best-performing
classifier from Model 1 is re-trained on the full dataset, and SHAP (Shapley Additive exPlanations)
values are computed to quantify the contribution of each feature to the predicted skill level.

This extended workflow provides two major benefits:

e Pedagogical interpretability: SHAP highlights which motion features (e.g., jerk complex-

ity, AL-Roll, velocity irregularity, low-velocity duration) most strongly distinguish expert-
like from novice-like motions.
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¢ Consistency evaluation: SHAP-based rankings can be compared against PCA loading pat-
terns and statistical significance results, helping confirm whether similar motion dimensions
repeatedly emerge as key skill determinants.

Importantly, SHAP analysis was applied only after nested cross-validation confirmed classifier
reliability, thereby avoiding overinterpretation of unstable models.
4.2.3 Rationale for pipeline design

This system was designed with the following objectives:

e Reproducibility: Standardized preprocessing and cross-validation ensure that classification
performance does not depend on arbitrary parameters.

o Generalizability: Nested cross-validation and PCA reduce the risk of overfitting, enabling
stable evaluation even with moderate-sized datasets.

o Interpretability: SHAP analysis bridges the gap between abstract feature vectors and con-
crete surgical motion behaviors, supporting future educational use.

o Integration across experiments: The same workflow is applicable to real surgery, cadaver
training, and wet-lab models (for future extensions), enabling cross-environment comparison
of motion characteristics.

Overall, this system provides a unified framework for all subsequent analyses in this disser-

tation, including PCA component interpretation (Section 4.1), classification accuracy evaluation
(Section 4.3), and SHAP-based feature interpretation (Section 4.4).
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4.3 Classification Results

This section presents the performance of the machine-learning models for two prediction tasks: (i)
three-class classification of surgical experience level (novice, intermediate, expert), and (ii) binary
classification of the Endoscopic Surgical Skill Qualification (ESSQ). All models were evaluated
using nested and repeated 5-fold cross-validation, ensuring unbiased estimation of generalization
performance. Three models were compared: Random Forest, Support Vector Machine (SVM),
and PCA-SVM. Classification accuracies are reported as median values with interquartile range

(Q1-Q3).

4.3.1 Three-class classification results

Figure 4.4 summarizes the model accuracies for the whole phase and for Phases 1-3, respectively.
Across all conditions, Random Forest consistently achieved the highest accuracy, followed by SVM
and PCA-SVM. For the whole phase model, Random Forest reached a median accuracy of 76%,
while SVM and PCA-SVM yielded comparable performance (75% and 74%, respectively).

Phase-wise evaluation revealed substantial differences among tasks. Phase 1 showed similar
trends to the whole [phase, whereas phases 2 and 3 demonstrated significantly lower accuracies
across all models. In particular, Phase 2 yielded the lowest performance, indicating that this seg-
ment contains complex or less discriminative motion patterns for experience classification. Sta-
tistical testing using the Kruskal-Wallis test followed by Dunn’s post-hoc correction confirmed
significant differences between the three models in most phases, especially for phases 2 and 3
(p < 0.0001), as shown in Figure 4.4.

Table 4.1 provides the numerical values of the accuracies for each model. Random Forest
performed consistently well across all participants and phases. In contrast, PCA-SVM tended to
show lower accuracy, despite the dimensionality reduction effect of PCA. This suggests that the
PCA-projected subspace may not preserve the discriminative structure required for experience-
level classification.

To further clarify the relationship between whole-procedure and phase-wise analyses, classifi-
cation performance was directly compared across these settings (Table 4.1).

The whole-procedure model achieved the highest and most stable accuracy across classifiers,
with Random Forest reaching a median accuracy of 76.00%. In contrast, phase-wise models ex-
hibited a clear decline in performance, particularly in phases 2 and 3.

Among the segmented analyses, Phase 1 showed performance comparable to the whole-procedure
model, whereas Phases 2 and 3 demonstrated progressively lower accuracies across all models. In
particular, Phase 2 yielded a median accuracy of 69.78% (Random Forest), indicating that this
phase involves more complex or less discriminative motion patterns for experience classification.

These findings suggest that while whole-procedure analysis provides a more robust representa-
tion of overall surgical skill, phase-based segmentation offers complementary insight into phase-
dependent variability in motor behavior.

4.3.2 ESSQ classification results

The ESSQ prediction task yielded substantially higher accuracies than the three-class experience
model. Across the whole phase, Random Forest achieved a median accuracy of 89.11%, clearly out-
performing SVM (84.89%) and PCA-SVM (86.78%). This trend was consistent across phases 1-3,
as shown in Figure 4.5. The high accuracy reflects the strong discriminative power of kinematic
indices for identifying surgeons who have achieved ESSQ certification.
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Figure 4.4: Three-class classification accuracies for the whole phase and phases 1-3. Random For-
est showed significantly higher performance than SVM and PCA-SVM in most com-
parisons. Statistical significance was evaluated using the Kruskal-Wallis test.

Phase-wise results revealed that Phase 1 provided the highest classification accuracy, while
phase 2 and 3 yielded slightly lower yet still robust performance. The Kruskal-Wallis test con-
firmed significant differences among models across nearly all phases (p < 0.0001). Random Forest
again outperformed the other approaches, indicating superior robustness to nonlinearity and noise
in surgical motion data.

Table 4.3 summarizes the accuracy statistics. Notably, the Random Forest model reached over
90% accuracy for Phase 1, suggesting strong alignment between motion characteristics and ESSQ
competency. Even the lowest-performing groups (e.g., Phase 3) maintained median accuracies
above 78%, highlighting the reliability of motion-based ESSQ prediction.

To further examine the relationship between whole-procedure and phase-wise analyses in ESSQ
classification, performance was compared across all settings (Table 4.3).

The whole-procedure model achieved the highest and most stable performance, with Random
Forest reaching a median accuracy of 89.11%. In contrast, phase-wise models showed slightly
reduced but still robust accuracies across all classifiers.

Among the segmented analyses, Phase 1 exhibited the highest performance (91.11% with Ran-
dom Forest), even exceeding the whole-procedure model, suggesting that early-stage surgical ac-
tions strongly reflect ESSQ-level proficiency. In comparison, Phases 2 and 3 showed lower accu-
racies (e.g., 85.22% and 78.44% for Random Forest), indicating increased variability or reduced
discriminative power in later surgical phases.

These findings suggest that, unlike the three-class classification task, ESSQ prediction remains
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Table 4.1: Classification accuracies for three-class models across whole phase and phases 1-3.
Values represent median accuracy with interquartile range (Q1-Q3).

Participant Model Accuracy (%) (Q1-Q3)
Random Forest 76.00 (72.72-78.44)
Whole Phase SVM 75.00 (71.56-78.00)
PCA-SVM 74.00 (71.78-78.22)
Random Forest 74.22 (71.78-76.39)
P1 SVM 76.22 (74.00-78.22)
PCA-SVM 76.00 (73.56-78.22)
Random Forest 69.78 (67.33-73.72)
P2 SVM 63.33 (60.89-67.56)
PCA-SVM 60.78 (56.89-64.61)
Random Forest 60.67 (56.67-63.06)
P3 SVM 54.22 (50.22-56.67)

PCA-SVM

50.00 (47.56-55.72)

highly robust across both whole-procedure and phase-wise analyses. While whole-procedure anal-
ysis provides a stable global assessment, phase-based analysis—particularly in Phase 1—can cap-
ture strong and interpretable indicators of certification-level skill.

4.3.3 Confusion matrix analysis

To further characterize model behavior beyond overall accuracy, confusion matrices were gener-
ated for the best-performing classifier of each phase: Random Forest for Phase 2 and Phase 3, and
SVM for Phase 1. Figures 4.6a—4.6¢c summarize the class-wise prediction performance.

In Phase 1 (Fig. 4.6a), all three skill groups were well distinguished. Novice trials were correctly
classified at 76%, and experts at 67.3%, with most misclassifications occurring between adjacent
levels (e.g., novice — intermediate). Only a very small fraction of experts were misclassified as
novices (0.3%), indicating a clear separation in kinematic patterns.

For Phase 2 (Fig. 4.6b), the diagonal elements remained dominant (69-72%), suggesting that
the motion characteristics during hilar dissection retain moderate discriminability. Novice trials
were occasionally predicted as intermediate (24.0%), and experts were sometimes confused with
intermediate (25.1%), reflecting the increased complexity and variability of this phase.

In Phase 3 (Fig. 4.6¢), class separability declined further, especially for novice and expert sur-
geons, consistent with the reduced discriminative power seen in overall accuracy. Intermediate
surgeons remained the most distinguishable group (68.3%), whereas novices and experts exhibited
greater mutual overlap.

Overall, the confusion matrix analysis reveals a consistent trend: earlier phases of the nephrec-
tomy task (Phase 1) provide clearer group differences, while later phases (Phase 3) introduce higher
variability and reduce classification robustness. These results support the importance of structured,
phase-specific evaluation in surgical skill assessment.

4.3.4 Summary of classification performance

Overall, the classification results provide the following insights:
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Table 4.2: Classification accuracies for ESSQ qualification prediction (two-class). Values repre-

sent median accuracy with interquartile range (Q1-Q3).

Participant Model Accuracy (%) (Q1-Q3)
Random Forest 89.11 (86.89-89.33)
Whole Phase SVM 84.89 (82.67-87.11)
PCA-SVM 86.78 (82.78-89.11)
Random Forest 91.11 (89.11-93.33)
P1 SVM 87.11 (84.89-89.33)
PCA-SVM 88.89 (84.89-91.11)
Random Forest 85.22 (84.44-87.11)
P2 SVM 80.44 (78.22-82.67)
PCA-SVM 80.44 (78.22-82.61)
Random Forest 78.44 (76.28-81.89)
P3 SVM 82.67 (80.44-84.89)

PCA-SVM

82.67 (80.44-84.67)

e Random Forest was the most reliable model across all tasks and phases, showing strong
robustness and generalization.

e ESSQ classification achieved substantially higher accuracy than the three-class experience
classification, indicating that ESSQ certification is more strongly reflected in motion-kinematic
patterns.

e Phase-wise analysis revealed that Phase 1 carries more discriminative information than Phases 2
and 3.

e PCA-SVM did not outperform standard SVM, suggesting that PCA-based dimensionality
reduction may suppress informative variance in this dataset.

These findings validate the feasibility of motion-capture—based classification of surgical pro-

ficiency and support the use of Random Forest as a practical and effective model for objective
surgical skill assessment.



4.3 Classification Results

100

100

[ P<0.0001 1 | P<0.0001 )
95 1 A 95 1 —r
: %ﬂ T 2 +
3 3 =]
g 851 - [j E S 851 i
5 oy - 5 A
E 80 * ’L g 80 _l"‘
P<0.05 P<0.0001
& P<0.0001 e
I |
70 T T T 70 T
randomforest SVM PCA-SVM randomforest SVM PCA-SVM
Method Method
100
P<0,0001 100 P<00001
| l
5 . 95 ! d
o
<> 9
2 - <= 9 o
. 1 £ I
g ¥ ‘ g ss =
3 b B 3
< 80 f} 3 L}
< 80 l
75 P<0.0001 .. 5 -
f_[_ b 2 P<0.0001
70
randomforest SVM PCA-SVM 70 T T T
randomforest SVM PCA-SVM
Method
Method

Figure 4.5: ESSQ classification accuracy for the whole phase and phases 1-3. Overall accu-
racy was substantially higher than in the three-class task. Random Forest consistently
achieved the highest accuracy.

Table 4.3: Classification accuracies for ESSQ qualification prediction (two-class). Values repre-

sent median accuracy with interquartile range (Q1-Q3).

Participant Model Accuracy (%) (Q1-Q3)
Random Forest 89.11 (86.89-89.33)
Whole Phase SVM 84.89 (82.67-87.11)
PCA-SVM 86.78 (82.78-89.11)
Random Forest 91.11 (89.11-93.33)
P1 SVM 87.11 (84.89-89.33)
PCA-SVM 88.89 (84.89-91.11)
Random Forest 85.22 (84.44-87.11)
P2 SVM 80.44 (78.22-82.67)
PCA-SVM 80.44 (78.22-82.61)
Random Forest 78.44 (76.28-81.89)
P3 SVM 82.67 (80.44-84.89)
PCA-SVM 82.67 (80.44-84.67)

— 61 —



Chapter 4. Machine-Learning Based Surgical Skill Classification

Process 1 (SVM) Process 2 (Random Forest)

Novice
Novice

True Label
Intermediate
True Label
Intermediate

Expert
Expert

S

Novice Intermediate Expert Novice Intermediate Expert
Predicted Label Predicted Label
(a) Phase 1 (SVM) (b) Phase 2 (Random Forest)

Process 3 (Random Forest)

Novice

True Label
Intermediate

60.9

Expert

I
Novice Intermediate Expert
Predicted Label

(c) Phase 3 (Random Forest)

Figure 4.6: Confusion matrices for phases 1-3.
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4.4 SHAP-based Interpretation of Classification Models

To interpret how individual kinematic features contributed to the classification performance, Shap-
ley Additive exPlanations (SHAP) analysis was applied to the PCA-SVM models trained for each
phase (P1-P3). SHAP provides feature-wise contribution scores for each prediction based on coop-
erative game theory, enabling model-agnostic and quantitative interpretation of feature importance.

4.4.1 SHAP analysis for Phase 1

As shown in Figure 4.7, the most influential features in Phase 1 were dominated by scissor for-
ceps (SF) usage time (SF_UT), relative path length (RPL), and orientation-related features of the
grasping forceps (GF_AL-Roll and GF_AL-PitchYaw).

SE_UT exhibited the highest SHAP magnitude, indicating that the temporal usage pattern of
the scissor forceps strongly contributed to skill classification. In addition, larger RPL and smaller
angular variability (GF_AL-Roll and GF_AL-PitchYaw) were associated with increased model
output toward the novice class, reflecting less stable and less efficient instrument control.

Conversely, experts tended to show more compact trajectories and reduced orientation variabil-
ity, which contributed to predictions toward higher skill levels.

These findings suggest that, in the early phase, skill differentiation is primarily characterized
by instrument usage patterns and motion stability rather than solely by velocity-based smoothness
indices.

4.4.2 SHAP analysis for Phase 2

In Phase 2 (renal pedicle dissection and vessel isolation), the dominant features shifted toward
distribution-based and efficiency-related metrics (Figure 4.8).

The proportion of low-velocity motion of the scissor forceps (SF_PLow) and overall operation
time (OT) showed the highest SHAP contributions, followed by ED_PLow and SF_PMiddle. These
results indicate that motion distribution characteristics, rather than single-point kinematic values,
play a central role in this phase.

Higher proportions of low-velocity motion and longer operation time were associated with in-
creased likelihood of novice classification, suggesting that inexperienced surgeons tend to perform
slower and less decisive manipulations.

In contrast, experts demonstrated more balanced velocity distributions and shorter operation
times, reflecting efficient and well-paced dissection during vessel handling.

Additionally, path length of the grasping forceps (GF_PL) and working area of the energy device
(ED_WA) contributed moderately, indicating the importance of coordinated bimanual control and
spatial precision during this technically demanding phase.

4.4.3 SHAP analysis for Phase 3

Phase 3 (remaining tissue removal and final detachment) demonstrated a more heterogeneous fea-
ture pattern (Figure 4.9).

Operation time (OT) showed the largest SHAP contribution, followed by scissor forceps jerk
(SF_j) and energy device path-related features (ED_DPL and RPL). These results indicate that both
temporal efficiency and motion smoothness are critical for distinguishing skill levels in the final
phase.
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Figure 4.7: SHAP summary plot for Phase 1 using the PCA-SVM classifier. Positive SHAP values
contribute to predicting higher skill classes.

Higher jerk values and longer path-related measures were associated with novice predictions,
reflecting unstable and redundant movements during tissue detachment.

Orientation-related features of the energy device (ED_AL-PitchYaw and ED_AL-Roll) and
scissor forceps velocity (SF_v) also contributed to the model, suggesting that fine control and
precise instrument alignment are important for safe and efficient completion of the procedure.

Overall, Phase 3 emphasized integrated multi-instrument coordination, where both temporal
efficiency and spatial control jointly determine surgical proficiency.

4.4.4 Summary of SHAP-based interpretation

Across all three phases, several consistent patterns were observed:

o Efficiency-related metrics (e.g., operation time and path length) and motion stability indica-
tors (e.g., jerk and angular variability) were consistently important for skill classification.

e Distribution-based features (e.g., low-velocity and mid-velocity proportions) played a promi-
nent role in Phase 2, highlighting the importance of motion regulation during technically
demanding phases.

e The dominant contributing features varied by phase: instrument usage and orientation con-
trol in Phase 1, motion distribution and efficiency in Phase 2, and integrated temporal and
spatial control in Phase 3.

e The SHAP-derived patterns were consistent with known surgical workflow characteristics,
supporting the validity of the engineered kinematic feature set.

— 64—



4.5 Summary

SF PLow
oT

ED PLow
SF_PMiddle
GF _PL
ED WA
CA UT
SF a

CA PLow
SF j
ED a

ED PHigh
ED j B Experts
SF_PHigh BN Intermediates
SF v B Novices

0.000 0.025 0.050 0.075 0.100 0.125 0.150
mean(|SHAP value|)

(average impact on model output magnitude)

Figure 4.8: SHAP summary plot for Phase 2 using the PCA-SVM classifier.

These findings demonstrate that SHAP analysis provides interpretable, phase-specific insights
into surgical skill, bridging the gap between machine-learning predictions and clinically meaning-
ful behavior patterns. This interpretability is essential for future applications such as feedback-
based training, surgical coaching, and automated assessment systems.

4.5 Summary

This chapter presented a comprehensive machine-learning framework for objective surgical skill
classification based on kinematic features extracted from cadaveric laparoscopic nephrectomy pro-
cedures. Three classification models—Random Forest, SVM, and PCA-SVM—were evaluated
under a rigorous nested and repeated 5-fold cross-validation design, ensuring unbiased estimation
of model performance.

The results demonstrated that all three models were capable of distinguishing novice, interme-
diate, and expert surgeons, with Random Forest achieving the highest accuracy for the three-class
task. When the surgical workflow was divided into three manually annotated phases (P1-P3), the
classification accuracy increased in P1 and P2, indicating that skill-relevant information is not uni-
formly distributed throughout the procedure and is concentrated in technically demanding phases
such as vascular dissection.

ESSQ-based binary classification yielded even higher performance, with Random Forest con-
sistently outperforming SVM and PCA-SVM, achieving median accuracies above 89% across all
phases. These results suggest that motion-capture-derived kinematic indices contain robust infor-
mation correlating with formally certified surgical proficiency.

Furthermore, SHAP analysis provided detailed, interpretable insights into the feature sets un-
derlying each model’s predictions.
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Figure 4.9: SHAP summary plot for Phase 3 using the PCA-SVM classifier.

Efficiency-related metrics (e.g., operation time and path length) and motion stability indicators
(e.g., jerk and angular variability) were consistently important, although their relative contributions
varied across phases.

In particular, instrument usage and orientation control were more prominent in Phase 1, distribution-
based features (e.g., low-velocity proportion) dominated in Phase 2, and combined temporal and
spatial control played a key role in Phase 3.

These interpretable patterns aligned closely with surgical workflow characteristics and sup-
ported the validity of the engineered kinematic features.

Overall, the findings in this chapter demonstrate that:

¢ Kinematic data alone enable reliable, high-performing surgical skill classification.

e Phase-specific analysis improves performance and reveals phase-specific skill characteris-
tics.

e SHAP interpretability bridges the gap between machine-learning output and surgical rea-
soning, supporting educational and clinical applicability.

The next chapter extends this framework toward continuous skill assessment by constructing
regression models that predict surgeon performance using GOALS (Global Operative Assessment
of Laparoscopic Skills) scores.



Chapter 5

Regression Modeling for
Continuous Surgical Skill
Assessment

Building on the classification framework established in Chapter 4, this chapter advances the
objective assessment of laparoscopic surgical skills from discrete skill categorization toward con-
tinuous, quantitatively interpretable scoring. While classification models distinguish broad skill
levels (e.g., novice, intermediate, expert), they are inherently limited in capturing subtle, within-
level variations or providing granular feedback that can guide individualized training.

To address this limitation, we develop regression models that estimate the Global Operative As-
sessment of Laparoscopic Skills (GOALS) score [27] directly from motion-capture-derived kine-
matic features. GOALS is a standardized and widely accepted metric for evaluating laparoscopic
technical proficiency across five domains: depth perception, bimanual dexterity, efficiency, tissue
handling, and autonomy. In this study, two expert surgeons independently rated each cadaveric
nephrectomy procedure, and their averaged scores served as the reference labels for regression.

This chapter describes the construction, validation, and interpretation of the regression models,
including Support Vector Regression (SVR), Ridge Regression, and Partial Least Squares (PLS).

Through these analyses, this chapter aims to demonstrate that continuous skill assessment—grounded
in objectively measured motion data—can not only approximate expert ratings but also provide in-
terpretable, fine-grained feedback suitable for surgical training and competency evaluation.

5.1 GOALS rating and inter-rater reliability
5.1.1 GOALS rating procedure

To obtain criterion-based measures of technical performance, all cadaveric nephrectomy trials were
evaluated using the Global Operative Assessment of Laparoscopic Skills (GOALS) score. Two
experienced laparoscopic surgeons (Reviewer A and Reviewer B), who were not involved in the
machine-learning analysis, independently rated each trial.

For every participant, GOALS was scored separately for the three manually segmented phases
(Phase 1-3) according to the definitions described in Section 3.7. For each phase, both raters eval-
uated five domains—depth perception (D), bimanual dexterity (B), efficiency (E), tissue handling
(T), and autonomy (A)—on a 5-point Likert scale (1 = poor, 5 = excellent). A total GOALS score
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Figure 5.1: Agreement between two expert raters for GOALS total scores in each phase. Each
point represents one cadaveric nephrectomy trial, and the dashed line indicates perfect
agreement (y = Xx).

(range 5-25) was obtained by summing the five domain scores. Raters were blinded to the motion-
capture features, to the experience group of each participant, and to each other’s ratings. All videos
were anonymized and presented in random order, and raters were allowed to replay sequences as
needed.

5.1.2 Statistical analysis of inter-rater reliability

Inter-rater reliability of the GOALS ratings was examined using both correlation- and agreement-
based indices. Because GOALS scores are ordinal and subsequent analyses in this dissertation
rely primarily on rank-based statistics, the main association measure between the two raters was
Spearman’s rank correlation coefficient (p). Spearman’s p was computed for each GOALS domain
as well as for the total score, separately for Phases 1-3.

To visually assess rater agreement, Figure 5.1 presents a comparison of the GOALS total scores
assigned by the two expert raters for each cadaveric nephrectomy trial across Phases 1-3. Each
point corresponds to a single trial, with the two raters’ scores plotted on the horizontal and vertical
axes. Most points lie close to the identity line (y = x), indicating a high degree of agreement and
suggesting that both raters applied the GOALS criteria in a consistent manner.

5.1.3 Results of inter-rater reliability

Across all three phases, the two raters showed good to excellent agreement for the GOALS total
scores. Spearman’s p for the total score ranged from approximately 0.63 to 0.78 across Phase 1-3,
indicating a strong monotonic relationship between the two raters. Domain-level coefficients were
generally in the moderate-to-good range (p =~ 0.36-0.76). Agreement was highest for efficiency
and tissue handling (E and T), while depth perception and bimanual dexterity (D and B) showed
relatively lower, but still moderate, correlations, particularly in Phase 3.

Given this level of reliability, the mean of the two raters’ scores was used as the final GOALS
domain and total scores for all subsequent analyses.
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5.2 Regression model construction for GOALS score
prediction

To develop regression models capable of predicting GOALS scores from motion-derived features,
three types of regression algorithms were employed: Ridge regression, partial least squares regres-
sion (PLS), and PCA-based support vector regression (PCA-SVR). The target variable was defined
as the mean GOALS total score assigned independently by the two expert reviewers, as described
in Section 5.1.

5.2.1 Regression algorithms

Ridge regression. Ridge regression introduces an L2 regularization term to the loss function
and provides stable coefficient estimation in the presence of multicollinearity among kinematic
features. This property is particularly advantageous given the highly correlated nature of surgical
motion metrics.

Partial least squares (PLS). PLS regression extracts latent components that maximize the co-
variance between predictors and the target variable. It is suitable for datasets with strong collinear-
ity and provides interpretable low-dimensional representations of surgeons’ motion characteristics.

PCA-SVR. This model combines robust normalization, PCA-based dimensionality reduction,
and support vector regression (SVR with an RBF kernel). PCA transformation was fitted using
only the training data and then applied to the validation/test data to avoid information leakage.
Hyperparameters (number of components, C, y, and €) were determined through an inner-loop
grid search.

5.2.2 Data preprocessing

All regression models underwent identical preprocessing steps: robust normalization using the me-
dian and normalized IQR (NIQR), selection of significant features based on Spearman correlation
(Jr] > 0.4), and strict separation of training and test sets. PCA was performed exclusively on the
training folds to avoid information leakage.

5.2.3 Overall Regression-Model Framework

Figure 5.2 provides an overview of the analytical pipeline used to construct and evaluate regression
models for GOALS score prediction.

The upper panel illustrates the preprocessing pathway, including: (i) motion-feature extraction
from cadaveric trials, (ii) robust normalization based on median and NIQR scaling, (iii) removal
of outliers and non-informative features, and (iv) filtering of statistically significant variables via
Spearman tests. This process ensured that only stable and meaningful kinematic indices were
retained for subsequent modeling.

The lower panel summarizes the regression architecture. Three algorithms were implemented—PCA-SVR,
Ridge regression, and Partial Least Squares (PLS). Nested cross-validation was employed to avoid
optimistic bias in model selection and to provide an unbiased estimate of generalization perfor-
mance. Model accuracy was quantified using mean absolute error (MAE), and visual assessment
was performed using scatter plots of predicted versus actual GOALS scores for each phase.
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Figure 5.2: Overall regression-model pipeline. Feature preprocessing, robust normalization, and
selection of significant kinematic indices.

This integrated framework enabled both interpretable and quantitatively stable prediction of
expert-derived GOALS ratings, forming the foundation for the results presented in Section 5.3.

N
1 N
MAE = — ;:1 1y, = 3l 5.1)

5.3 Regression analysis for GOALS scores in Phase 1

This section presents the regression results for GOALS score prediction using the framework de-
scribed in Sections 5.1 and 5.2.
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5.3.1 Model accuracy (MAE)

Figure 5.4 summarizes the distribution of mean absolute errors (MAE) for the three models across
the 100 repeated validation cycles. Ridge regression consistently achieved the lowest MAE for most
of the GOALS items, followed by PLS. PCA-SVR showed the highest variability and generally
larger errors.

The statistical comparison using the Kruskal-Wallis test and post-hoc pairwise tests is sum-
marized in Table 5.1. Ridge regression significantly outperformed PCA-SVR for all five GOALS
items and the total score. Ridge also outperformed PLS in depth perception, bimanual dexterity,
and total score.
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5.3 Regression analysis for GOALS scores in Phase 1

5.3.2 Comparison of predicted and actual scores

Figure 5.3 illustrates the relationship between actual GOALS scores and Ridge regression pre-
dictions for Phase 1. Each point represents the median across 100 predictions for a single trial,
with error bars showing the interquartile range. The predictions follow the identity line closely,
especially in the mid-range scores (10-20), indicating stable calibration of the model.

5.3.3 Item-wise prediction performance

To examine model behavior for each GOALS domain, boxplots of predicted scores for autonomy,
depth perception, bimanual dexterity, efficiency, tissue handling, and total score are provided in
Figures 5.4. Across all items, Ridge regression demonstrates narrower interquartile ranges and
fewer extreme deviations compared to PCA-SVR.

5.3.4 Summary of Phase 1

e Ridge regression achieved the highest accuracy across all GOALS items.

e PCA-SVR exhibited the greatest error and instability.

e PLS offered intermediate performance, with accuracy close to Ridge for some items.
e Prediction errors were smallest in the efficiency and bimanual dexterity domains.

e The strong correspondence between predicted and actual scores suggests that motion-capture—de-
rived kinematic features are highly informative in the early operative phase.

Overall, Phase 1 results demonstrate that GOALS scores can be estimated with substantial relia-
bility using motion-based features alone, highlighting the feasibility of automated skill assessment
in laparoscopic training.

5.3.5 Regression performance in Phase 2

Table 5.2 summarizes the MAE values of the three regression models for each GOALS item and
the total score in Phase 2. The median MAE values of PCA-SVR, PLS, and Ridge were 0.60, 0.62,
and 0.61 for Autonomy; 0.59, 0.63, and 0.61 for Depth Perception; 0.72, 0.63, and 0.63 for Biman-
ual Dexterity; 0.57, 0.60, and 0.54 for Efficiency; and 0.57, 0.58, and 0.59 for Tissue Handling,
respectively. The corresponding median MAE values for the GOALS total score were 3.05, 3.07,
and 2.99. Kruskal-Wallis tests showed significant differences among the three models for all items
and the total score, and post-hoc comparisons confirmed that PCA-SVR yielded significantly larger
errors than Ridge, whereas PLS showed intermediate performance.

Figure 5.5 illustrates the relationship between predicted and actual GOALS total scores obtained
with the Ridge model. Most boxplots are located close to the identity line, indicating good agree-
ment over the entire range of scores. Similar to Phase 1, a slight underestimation was observed for
the highest-scoring trials, whereas no systematic bias was evident for low- and medium-scoring
procedures.
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Figure 5.3: Predicted versus actual GOALS total scores for Ridge regression (Phase 1). The dashed
red line represents the identity line.
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5.3.6 Regression performance in Phase 3

In Phase 3, the prediction errors further decreased compared with Phases 1 and 2. The median
MAE values of PCA-SVR, PLS, and Ridge were 0.63, 0.62, and 0.59 for Autonomy; 0.53, 0.52,
and 0.51 for Depth Perception; 0.56, 0.52, and 0.51 for Bimanual Dexterity; 0.63, 0.56, and 0.55 for
Efficiency; and 0.53, 0.51, and 0.49 for Tissue Handling, respectively. The corresponding median
MAE values for the GOALS total score were 2.90, 2.72, and 2.66 (Table 5.3), which were the
lowest among the three phases.

Kruskal-Wallis tests again revealed significant differences among the three models for all items
and the total score. Post-hoc analyses showed that Ridge and PLS consistently outperformed PCA-
SVR. Although the difference between Ridge and PLS was smaller than that between Ridge and
PCA-SVR, Ridge still achieved the smallest MAE for the total score.

Figure 5.7 displays the relationship between predicted and actual GOALS total scores in Phase 3
for the Ridge model. Compared with Phases 1 and 2, the boxplots are more tightly clustered around
the identity line, particularly in the mid-to-high score range, indicating improved precision and re-
duced variability of the predictions. Only a few high-scoring trials showed slight underestimation.
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Figure 5.5: Relationship between predicted and actual GOALS total scores for the Ridge regression
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repeated cross-validation runs for a given trial; the red dashed line indicates the identity
line.
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(Phase 2).
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5.3 Regression analysis for GOALS scores in Phase 1

Table 5.4: Spearman correlation (p) between expert scores and Ridge regression predictions.
Phase Mean-prediction p  Trial range Trial mean p

Phase 1 0.756 0.727-0.775 0.750
Phase 2 0.780 0.734-0.804 0.768
Phase 3 0.682 0.624-0.729 0.675

5.3.7 Correlation between Expert Ratings and Model Predictions

To further assess how well the regression model reproduced expert-assigned GOALS scores, we
computed Spearman’s rank correlation coefficient (p) between the Ridge regression predictions
and the expert labels. Because the model was trained 100 times with different random seeds, we
computed the correlation for each trial separately as well as for the mean-prediction (the average
of 100 predictions for each subject).

The regression performance across the three phases showed consistent but phase-dependent
differences. For Phase 1, the Ridge model demonstrated a strong and stable correlation with expert
ratings, with a mean-prediction correlation of p = 0.756 (p = 1.21 X 107%). Across 100 trials,
Spearman’s p ranged from 0.727 to 0.775 (mean = 0.750), indicating stable performance.

In Phase 2, the mean-prediction correlation slightly increased to p = 0.780 (p = 1.74 X 10~
with trial-wise correlations ranging from 0.734 to 0.804 (mean = 0.768). However, this phase
exhibited greater variability across trials compared with Phase 1.

In Phase 3, the correlation decreased to p = 0.682 (p = 1.80 X 10_7), with a wider spread
of trial-wise correlations (0.624-0.729, mean = 0.675). This reduction likely reflects increased
variability and task complexity in the later procedural stage.

Overall, these results indicate that while correlation remains relatively high across all phases,
later stages of the procedure tend to exhibit increased variability and reduced predictive stability.

10)
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Figure 5.7: Relationship between predicted and actual GOALS total scores for the Ridge regres-
sion model in Phase 3. Compared with Phases 1 and 2, the boxplots are more tightly
clustered around the identity line, indicating improved prediction accuracy.
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5.4 Summary

This chapter developed regression models to estimate expert-assigned GOALS scores from motion-
derived quantitative features. Ridge regression, PCA-SVR, and PLS models were evaluated across
individual GOALS domains as well as total scores. Ridge regression consistently achieved the
lowest MAE among the three models across all phases.

Correlation analysis further demonstrated that the Ridge model reproduced the expert rank-
ing with strong monotonic consistency. Phase 1 showed the most stable performance (mean p =
0.756), followed by Phase 2 (mean p = 0.780 but with larger variability). Phase 3 exhibited the
lowest consistency (mean p = 0.682), likely due to its higher task complexity and greater inter-
subject variability.

Taken together, these findings demonstrate that (i) motion-derived quantitative metrics can re-
construct expert GOALS evaluation with high fidelity, (ii) model performance varies across pro-
cedural phases, and (iii) early procedural segments (Phase 1) provide the most reliable basis for
automated skill assessment.
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Chapter 6

Educational Applications and
Integration Into Tele-mentoring
Systems

This chapter examines educational applications of the motion-analysis framework developed in
this dissertation. Three complementary environments were explored: (1) real laparoscopic surgery
using a sterilizable motion-capture configuration; (2) porcine wet-lab training with on-site expert
scoring; and (3) early-stage tele-mentoring experiments integrating network-latency evaluation.
Together, these efforts illustrate the feasibility and current limitations of applying objective mo-
tion analysis in realistic operative contexts and provide insights into future directions for surgical
education and remote guidance systems.

6.1 Real Surgery Experiments

6.1.1 Measurement System and Rigid-Body Marker Attachment

To evaluate the feasibility of instrument motion tracking in real clinical settings, we conducted pilot
measurements during multiple clinical laparoscopic procedures, including donor nephrectomy. All
real-surgery measurements were performed under a separate ethics approval from the Hokkaido
University Hospital Institutional Review Board (IRB no. 024-0363).

A sterilizable rigid-body marker set was designed using autoclavable guide resin and attached
to the surgical instruments with sterile rubber bands. Each instrument had a unique marker ge-
ometry to ensure correct identification and stable tracking. The motion-capture system (OptiTrack
V120:Trio) recorded 3D trajectories at a sampling rate of 120 Hz. In addition to the instrument
markers, anatomical reference points—including trocar locations and patient landmarks (shoulder,
hip, and knee)—were recorded to define the region of interest (ROI).

6.1.2 Trajectory Recording and Preprocessing

Six surgical cases with complete tracking data were analyzed as a pilot feasibility series. Represen-
tative 3D trajectories of three instruments—grasping forceps (Karl-Storz), LigaSure, and scissor
forceps (Olympus)—are shown in Fig. 6.2. The raw trajectory data were first filtered to remove
points located outside the predefined ROI. Missing segments caused by temporary occlusion were
interpolated to construct continuous trajectories suitable for subsequent quantitative analysis.
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Figure 6.1: Sterilized rigid-body marker attached to a laparoscopic instrument during a real donor
nephrectomy. The rigid body was fabricated using autoclavable guide resin and at-
tached using sterile bands.

Table 6.1: Tracking success rates across six completed surgical cases.

Case Grasping Forceps (Karl-Storz) LigaSure Scissor Forceps (Olympus)

1 92.30% 88.17% —
2 93.19% 88.32% 90.96%
3 89.18% 86.10% —
4 90.75% 94.10% 84.48%
5 90.55% 90.33% 90.28%
6 95.78% 98.99% 92.27%

To characterize the temporal dynamics of the surgical workflow, active usage periods were
extracted for each instrument. Figure 6.3 shows a representative timeline of instrument activation
over the duration of a full nephrectomy, illustrating clear task segmentation and switching patterns.

6.1.3 Tracking Success Rate Across the Six Surgical Cases

Table 6.1 shows the successful tracking rate for each instrument across the six fully analyzed cases.
The success rate was defined as the proportion of validly reconstructed frames among all captured
frames within the ROI. In most cases, the tracking success rate exceeded 90%; reductions were
mainly observed during deep pelvic phases or when instruments overlapped.

6.1.4 Surgeon Questionnaire on Marker Interference

To assess the usability of the rigid-body markers during clinical surgery, participating surgeons
evaluated whether the attached markers interfered with instrument manipulation. A five-point Lik-
ert scale was used (1 = strongly disagree, 5 = strongly agree), with O indicating that the instrument
was not used. The distribution of responses is shown in Fig. 6.4, and the average score for each
instrument is summarized in Table 6.2.

Overall, the majority of responses clustered around scores of 2-3, indicating that surgeons



6.1 Real Surgery Experiments

() &
&
(w)

05 {
/. i / | A
0.6 0.6 Tt IR
‘k —— Measured(in) | L —— Measured(in) 06 —— Measured(in)
075l Interpolated(in) 07 Interpolated(in) 07 Interpolated(in)
04 \ Measured(out) 04 \\ Measured(out) 04 T Measured(out)
03 0n T Interpolated(out) 03 T Tnterpolated(out) 03 . ,\\\ Interpolated(out)
2 - 2 2 !
Zy o1 T Outlier Z(m) 0.1 \\ Outlier Zy o1 T Outlier
00 Trocar pos 00 Trocar pos 00 ‘Trocar pos
Grasping forceps

Scissor forceps Energy device

Figure 6.2: Example 3D trajectories recorded during laparoscopic donor nephrectomy (Case 4).
Left: grasping forceps; center: energy device; right: scissor forceps. Red indicates

measured points inside the ROI, orange indicates interpolated points, and gray denotes
out-of-ROI samples.

Table 6.2: Average perceived-interference score for each instrument.

Instrument Mean Score
Scissor Forceps (Olympus) 2.59
Grasping Forceps (Karl-Storz) 2.63
LigaSure 2.42

generally did not perceive the markers as obstructive in routine manipulation. Only a small number
of higher scores were reported, typically during instrument crossings or deep pelvic manipulation.
These pilot results suggest that sterilizable rigid-body markers can be incorporated into selected

clinical laparoscopic procedures with acceptable workflow impact, although further refinement is
needed before widespread adoption.
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Figure 6.3: Representative instrument usage timeline for a full nephrectomy. Usage intervals are
shown for grasping forceps (Karl-Storz), LigaSure, and scissor forceps (Olympus). Du-
plicate usage time was zero, indicating consistent identification of each instrument.
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Figure 6.4: Survey results assessing perceived interference caused by the instrument-mounted

rigid-body markers. Scores were evaluated on a five-point Likert scale (1 = no in-
terference; 5 = strong interference).
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6.2.1 Overview of the Wet-Lab Environment

To evaluate the applicability of the proposed quantitative metrics in a realistic tissue environment,
wet-lab experiments were conducted using porcine wet-lab models. Such models are frequently
used in laparoscopic education because they provide anatomically realistic tissue-handling proper-
ties similar to those encountered in clinical surgery [16].

These experiments reproduced essential components of laparoscopic procedures, including tro-
car placement, manipulation of soft tissue, and vessel exposure. The same motion-tracking system
and sterilizable rigid-body markers introduced in Chapters 2 and 6 were used. Since the full system
configuration has already been presented in Chapter 2, it is not repeated here. Tracking stability in
the wet-lab environment was generally high due to controlled lighting conditions and fewer visual
occlusions compared with real clinical settings.

6.2.2 On-Site Skill Assessment by Expert Surgeons

During each wet-lab session, experienced laparoscopic surgeons provided immediate performance
assessments based on the core domains of the Global Operative Assessment of Laparoscopic Skills
(GOALS). Similar wet-lab scoring approaches have been successfully used to validate motion-
based skill metrics in previous work [16].

The direct on-site scoring minimized recall bias and enabled reliable comparison between sub-
jective expert evaluation and objective quantitative metrics extracted from instrument trajectories.
The tissue-handling domain was included in Task 1 (mucosal dissection) but was not evaluated in
Task 2 (renal suturing), as the suturing task does not involve tissue-handling assessment.

6.2.3 Integrated Feedback Interface

To support structured feedback for trainees, an integrated feedback interface developed by a pre-
vious member of our group was used. This interface combines: (1) GOALS domain scores; (2)
PCA-based visualization comparing the participant with the cohort median; (3) hand-symmetry
metrics such as velocity differences between dominant and nondominant hands; (4) expert textual
feedback; and (5) quantitative indices extracted from motion data for both right-hand and left-hand
needle holders.

An example of this interface is shown in Fig. 6.5. This tool allowed participants to review
their performance immediately after completing the wet-lab task, providing a standardized and
data-driven training feedback mechanism.

6.2.4 Summary

The wet-lab experiments demonstrated that: (1) the proposed measurement and evaluation sys-
tem is technically feasible under realistic porcine tissue conditions; (2) expert on-site scoring can
be consistently collected and aligned with quantitative metrics; and (3) the integrated feedback
interface provides interpretable, structured, and immediate performance feedback.

These findings support the use of wet-lab experiments as an intermediate validation step be-
tween controlled dry-lab tasks and real laparoscopic surgery, consistent with prior work showing
the value of high-fidelity tissue models in skill quantification [16].
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Figure 6.5: Example of the integrated feedback interface used in the wet-lab porcine experiments.
The interface displays GOALS assessment results, PCA score comparison, velocity
symmetry metrics, expert feedback, and quantitative indices extracted for each instru-
ment.

6.3 Remote Surgery Experiments

6.3.1 Motivation and Background

Remote surgical assistance has become increasingly relevant due to the demand for expert guid-
ance in regions with limited access to experienced surgeons. Modern telecommunication systems
enable real-time transmission of surgical video, allowing experts to provide instructions even when
physically distant. To explore basic feasibility in laparoscopic environments, we conducted pilot
experiments evaluating communication delay, video quality, and system usability during remote
surgical observation.

These remote experiments were conducted as a separate exploratory study focusing on telecom-
munication performance. No motion-capture data were recorded during these sessions, and the
system was not used for intraoperative clinical decision-making.

6.3.2 Remote Multi-View Surgical Streaming System

A multi-channel remote-streaming system (Zao Cloud View) was used to transmit real-time la-
paroscopic and room-view video from the operating site to mentors located off-site. The system
simultaneously streamed (1) laparoscopic view, (2) overhead robotic camera view, and (3) room
camera view. An example of the interface used during the experiment is shown in Fig. 6.6.
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Figure 6.6: Example of the remote surgical streaming interface used in the pilot experiment. Multi-
ple video sources—including laparoscopic view, robotic surgical view, and room-view
camera—were transmitted simultaneously using the Zao Cloud View system®. Video
compression artifacts and temporary pixelation were observed during network conges-
tion, highlighting the impact of bandwidth and latency on remote surgical observation.

The interface allowed the remote expert to observe multiple video streams in real time and
switch between different camera views. Furthermore, the system provided a real-time annotation
function, enabling the expert to highlight critical regions and visually support intraoperative guid-
ance.

6.3.3 Measurement of Communication Latency

To evaluate communication performance, end-to-end latency was measured by embedding syn-
chronized timestamps into the transmitted video stream. Under stable network conditions, round-
trip latency typically ranged from 30-80 ms. However, occasional increases above 100 ms were
observed during peak network load, which caused temporary pixelation and reduced visual clarity
(as visible in Fig. 6.6).

These pilot results underscore the importance of stable bandwidth and optimized video encod-
ing for effective remote surgical observation and mentoring.

6.3.4 Remote Surgical Guidance Trial

A pilot remote-mentoring session was performed in which an off-site expert provided guidance
to an on-site surgeon. The remote expert used the streamed video to advise on trocar position-
ing, robotic arm configuration, and procedural steps. Despite occasional latency fluctuations, the
expert reported that essential visual information could be followed and that communication delay
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remained within a tolerable range for non-critical guidance tasks. This preliminary experience sug-
gests that real-time remote mentoring is technically achievable under favorable network conditions,
although further studies are required before routine clinical implementation.

6.3.5 Technical Considerations and Limitations

Several limitations were observed:

e Latency variability: Even modest increases in delay affected the perceived fluidity of dialog
between on-site and off-site teams.

e Compression artifacts: As shown in the laparoscopic feed (Fig. 6.6), unstable bandwidth
introduced noticeable pixelation, reducing the clarity of fine tissue structures.

e Multichannel synchronization: Slight time offsets occurred between different camera streams,
which may influence future multi-view analysis and could impact user perception.

6.3.6 Future Directions

These pilot experiments demonstrated the technical feasibility of remote surgical observation and
basic mentoring while identifying important technical challenges. Future development will focus
on:

1. Implementing dedicated low-latency communication networks and quality-of-service con-
trol.

2. Exploring the integration of quantitative motion-based skill evaluation with remote mentor-
ing platforms in a stepwise and carefully validated manner.

3. Coupling with robotic teleoperation systems for research on remote surgical interventions
under strictly controlled conditions.

4. Applying the system to disaster-response or resource-limited scenarios where specialist ac-
cess is particularly constrained.

In the context of this dissertation, remote experiments are considered a complementary feasi-
bility study, pointing toward potential future integration with the motion-analysis framework rather
than representing a completed, unified system.

Furthermore, future work will investigate the causal relationships between extracted motion
features and surgical skill, with the aim of establishing a framework that can provide effective and
actionable feedback to support skill improvement.

6.4 Summary

The additional experiments presented in this chapter evaluated the feasibility, robustness, and ap-
plicability of the proposed motion-analysis and skill-assessment framework in increasingly realistic
and complex environments.

First, the real laparoscopic surgery measurements suggested that sterilizable rigid-body mark-
ers can be integrated into selected clinical workflows with acceptable interference. High tracking
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success rates and stable motion-capture performance in the analyzed cases indicate that quantita-
tive trajectory analysis is technically feasible in the operating room, although further optimization
and larger-scale studies are required.

Second, the porcine wet-lab experiments served as an intermediate validation environment be-
tween controlled dry-lab tasks and real clinical surgery. Expert GOALS scores were consistently
obtained, and the integrated feedback interface enabled structured and immediate performance re-
view. These results highlight the value of combining subjective expert evaluation with objective
motion-derived metrics for surgical education and skill development.

Finally, the remote surgery experiments explored the applicability of telecommunication plat-
forms for real-time remote surgical support in an observational setting. Multi-view video stream-
ing allowed off-site experts to observe the operative field, while latency assessments suggested that
real-time guidance can be feasible under stable network conditions. Technical limitations such as
video compression artifacts and latency fluctuations remain important barriers that must be ad-
dressed for future clinical deployment.

Overall, the findings from this chapter indicate that the proposed motion-tracking and quantita-
tive evaluation system can be extended beyond controlled cadaveric environments to more realistic
settings, and that tele-mentoring technologies provide a promising avenue for future integration.
These results provide groundwork for subsequent development of comprehensive, data-driven sur-
gical skill assessment and tele-mentoring platforms, which will require additional technical refine-
ment and large-scale validation.






Chapter 7

Conclusions

7.1 Summary

This dissertation presented an integrated framework for quantitative evaluation of laparoscopic sur-
gical skills using motion-capture data, machine-learning techniques, and multi-environment vali-
dation. The primary goal of this study was to establish objective, reproducible, and interpretable
metrics for surgical skill assessment, thereby supporting more structured training and complement-
ing conventional subjective scoring.

The proposed framework first introduced a complete preprocessing pipeline for reconstructing
3D instrument trajectories, validating measurement rates, and extracting motion features robustly
across multiple environments. These features included spatial-temporal metrics such as velocity,
acceleration, jerk, path length, working volume, idle and high-activity distributions, and angular
motion characteristics. Dimensionality reduction using principal component analysis enabled vi-
sualization of skill-related structure, while machine-learning classifiers demonstrated reliable dis-
crimination between novice, intermediate, and expert surgeons as well as between ESSQ-certified
and non-certified surgeons.

Regression analyses based on GOALS scores further showed that objective motion features can
approximate expert evaluations with reasonably high accuracy. The incorporation of SHAP-based
model interpretation provided transparent linkage between motion patterns and scoring criteria,
supporting pedagogical feedback and explainability in surgical education.

Beyond controlled cadaveric tasks, this study implemented instrument-motion tracking in high-
fidelity environments, including porcine wet-lab procedures, Thiel-embalmed cadaver surgery, and
real clinical laparoscopic procedures (including donor nephrectomy). These experiments evaluated
the technical feasibility of sterilizable rigid-body markers, demonstrated high tracking success rates
in representative cases, and suggested minimal interference with surgical manipulation as judged by
surgeon questionnaires. An integrated feedback interface was also developed, enabling participants
to receive immediate, structured, and data-driven performance summaries in the wet-lab setting.

Additionally, remote surgery experiments explored the applicability of modern telecommuni-
cation systems for surgical mentoring in an observational context. Multi-view streaming allowed
off-site experts to observe operative scenes in real time, and latency measurements indicated that
real-time communication is technically achievable under stable network conditions. These findings
highlight the potential for combining objective motion analysis with tele-mentoring platforms in
future work, while emphasizing that further research is necessary before clinical integration.

Taken together, the results of this dissertation indicate that motion-capture—based quantitative
assessment is technically feasible and educationally meaningful across a spectrum of surgical train-
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ing and clinical environments. By combining objective metrics with expert-derived scoring sys-
tems and remote communication technologies, this work contributes to the development of next-
generation surgical education tools. Future applications may include integration with intelligent
tutoring systems, robotic platforms, and large-scale training databases, further advancing the field
of surgical data science.

7.2 Future Work

The following directions are expected as future extensions of this research.

Automatic segmentation of surgical workflows using motion data and
multi-modal inputs

In this study, the analysis was conducted on manually segmented task units. However, real laparo-
scopic procedures consist of multiple phases and sub-procedures, and automatic workflow seg-
mentation is essential for practical deployment. Future work will explore automatic segmentation
algorithms using accumulated trajectory data as training data. Recurrent neural networks such as
Long Short-Term Memory (LSTM), Temporal Convolutional Networks (TCN), and Transformer-
based sequence models may be investigated to classify motion patterns into surgical phases. Fur-
thermore, integrating endoscopic video, instrument usage timelines, and forceps kinematics in a
multi-modal framework may enable more robust segmentation without reliance on labor-intensive
manual annotation.

Integration of instrument- and tissue-recognition using image-based Al

Although endoscopic video was recorded in all training sessions, it was used only for GOALS eval-
uation in this study. With recent advances in computer vision models such as YOLO, DETR, and
SAM, future work will apply image-recognition Al to automatically detect surgical instruments
and anatomical landmarks from endoscopic video. By combining instrument detection with track-
ing algorithms, it may become possible to estimate motion trajectories directly from video without
external markers, enabling markerless assessment systems. Additionally, tissue recognition and se-
mantic segmentation could provide objective evaluation of procedure-specific performance, such
as clip application to vessels, depth of dissection, or unintended tissue damage. These techniques
may also contribute to automatic workflow segmentation mentioned above.

Large-scale validation of educational impact

This study proposed a quantitative evaluation system that provides on-site feedback combining
motion features, machine-learning predictions, and GOALS-based assessment. While preliminary
results support its potential usefulness, future work will focus on verifying the educational effect of
the system through longitudinal studies. Repeated training sessions with novice and intermediate
surgeons will be conducted to evaluate whether the system accelerates skill acquisition compared
with conventional training methods. In addition, user questionnaires and expert reviews will be
used to identify usability issues and refine the feedback interface. Ultimately, large-scale multi-
center studies will be necessary to confirm the generalizability, reliability, and pedagogical impact
of the proposed assessment framework.
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Deployment in real surgery and remote surgical support environments

Real laparoscopic surgery experiments demonstrated the technical feasibility of motion tracking
with sterilizable rigid bodies, and remote surgery experiments suggested that low-latency trans-
mission allows real-time mentoring under favorable conditions. Future work includes extending
the quantitative assessment framework to real clinical cases by integrating motion data from multi-
ple instruments and examining associations with operative outcomes. For remote surgical support,
combining motion-analysis feedback with tele-mentoring platforms may enable more objective
assessment even when the expert is off-site. Improved latency compensation, video-quality stabi-
lization, and multi-view synchronization will be necessary for practical deployment.

Toward a comprehensive data-driven surgical training platform

The long-term goal of this line of research is to construct a unified, data-driven surgical training
platform that integrates motion capture, video analysis, machine learning, phase recognition, and
real-time feedback. Future development will explore the incorporation of robotics, digital twins,
and cloud-based computation for large-scale data storage and personalized skill assessment. By
combining objective motion metrics with multi-modal observations and expert knowledge, the
proposed framework has the potential to significantly advance the field of surgical education and
contribute to safer and more efficient operative training.
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