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ABSTRACT

Design validation for implantable medical systems sits at the intersection of engineering rigour, regulatory obligation, and

clinical reality. The validation programme must demonstrate that a device performs as intended under the full range of

conditions it will encounter in vivo -- mechanical loads, electromagnetic environments, biological contact, fatigue cycling,

and failure mode consequences that pre-clinical testing must anticipate before the first device enters a patient. Five

validation methodologies have emerged as the primary tools for this task, each with distinct strengths across different

implantable system categories. This study presents the Implantable System Design Validation Framework (ISDVF),

evaluating bench testing with computational simulation (BT-CS), animal model validation (AM-V), finite element analysis

with cadaveric testing (FEA-CT), accelerated life testing (ALT), and AI-assisted predictive validation (AI-PV) across four

implantable system contexts: cardiac rhythm management devices, orthopaedic joint replacement systems, spinal

implant systems, and neural interface devices. Performance was measured using the Validation Effectiveness Score

(VES), a weighted composite of technical accuracy (0.30), regulatory compliance (0.20), time efficiency (0.20), cost

effectiveness (0.15), and clinical translatability (0.15). AI-assisted predictive validation achieved the highest VES (0.906),

with the best time efficiency (0.960) and cost effectiveness (0.940), reducing mean validation cycle time by 34% relative

to conventional bench testing. FEA with cadaveric testing ranked second (0.884), posting the highest technical accuracy

(0.940). Accelerated life testing ranked third (0.880) with the best regulatory compliance score (0.940). Animal model

validation scored lowest (0.847), constrained by time, cost, and growing regulatory pressure to reduce animal study

requirements under the 3Rs framework.
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1. Introduction
1.1 The Design Validation Challenge for
Implantable Systems
Implantable medical devices operate in one of the
most demanding environments in engineering:
warm, wet, chemically complex, mechanically
dynamic, and inaccessible for maintenance once
the device is placed. A hip implant must survive
20-30 years and approximately 10-20 million
loading cycles. A cardiac pacemaker must
maintain electrical function through a decade of
cardiac motion without lead fracture. A spinal
fusion system must resist fatigue failure under
loads that vary with every patient movement for
the rest of the patient's life. Neural interface
devices must maintain stable electrode-tissue
contact in a brain that moves, swells, and reacts to
foreign material over years. Design validation
must demonstrate that a device will meet these
demands before it enters clinical use -- a
requirement that creates a fundamental
methodological challenge. No validation
programme can fully replicate in vivo conditions in
vitro. Animal models introduce biological and
biomechanical differences from humans.
Computational simulations make assumptions that
may not hold at the extremes of real-world use.
Accelerated testing compresses time but may
introduce failure modes that differ from those
produced by physiological cycling. The FDA's
Design Controls requirement under 21 CFR Part
820.30 and ISO 13485:2016 provide the regulatory
framework, but leave manufacturers substantial
discretion in selecting validation methodologies --
a discretion that is consequential for both product
safety and development timelines (FDA, 2019; ISO,
2016).

1.2 Five Validation Methodologies and Study
Scope
The five methodologies span the range of current
practice. Bench testing with computational
simulation (BT-CS) combines physical bench tests
using standardised test fixtures with finite element
simulation of loading scenarios that physical tests
cannot easily replicate. Animal model validation
(AM-V) uses in vivo implantation in appropriate
animal species to assess biocompatibility,
osseointegration, and device performance under
biological conditions. FEA with cadaveric testing
(FEA-CT) pairs computational stress analysis with
human cadaveric specimen testing that provides
the most physiologically realistic mechanical
validation outside clinical use. Accelerated life
testing (ALT) uses elevated frequency, load
amplitude, or environmental stress to compress

long-term performance into shorter laboratory
timelines. AI-assisted predictive validation (AI-PV)
uses machine learning models trained on historical
validation datasets to predict device performance
under novel conditions, reducing physical test
burden. The four device contexts were selected to
represent the full range of implantable system
complexity and validation challenge.

2. Literature Review
2.1 Bench Testing, FEA, and Cadaveric
Validation
Bench testing against standardised test methods --
ISO 5832, ASTM F2394, ISO 14801 for dental
implants, ISO 5841 for cardiac leads -- has been
the regulatory foundation of implant validation for
decades. The strength of standardised bench
testing is its reproducibility and regulatory
familiarity: FDA reviewers can evaluate test
results against established acceptance criteria
with confidence in the methodology. The limitation
is that standardised tests are designed for the
worst-case conditions known at the time the
standard was written, which may not represent the
worst-case conditions for a novel device design
(Completo et al., 2017). Finite element analysis
has become an indispensable validation tool for
implantable systems, enabling stress and strain
analysis of device geometries under loading
conditions that physical testing cannot easily
apply. The FDA's guidance on computational
modelling and simulation established a credibility
assessment framework for FEA-based evidence in
regulatory submissions (FDA, 2016). Cadaveric
testing provides the closest mechanical
approximation to in vivo conditions available
without animal or human studies: human
cadaveric bone, soft tissue, and joint geometry
preserve the biological variability that
standardised bench test fixtures cannot replicate
(Patel et al., 2021). Combined FEA-CT
programmes use computational models validated
against cadaveric test data, then extend the
validated model to loading scenarios beyond what
cadaveric testing alone can cover.

2.2 Accelerated Life Testing, Animal Models,
and AI-Assisted Validation
Accelerated life testing compresses device lifetime
into practical laboratory timeframes by increasing
cycling frequency, load amplitude, or
environmental temperature beyond physiological
values. The acceleration factor must be carefully
established to ensure that the failure modes
produced under accelerated conditions match
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those expected under physiological use -- a
requirement that is well-established for
fatigue-dominated failures but more complex for
corrosion, creep, and biologically mediated
degradation (Harrysson et al., 2018). ISO 14630
and ASTM F1798 provide acceleration
methodology frameworks for orthopaedic and
cardiac applications. Animal model validation
offers the unique advantage of in vivo biological
response data -- osseointegration quality, soft
tissue response, corrosion in a physiological fluid
environment, and device-tissue interaction
patterns -- that no bench test can reproduce. The
3Rs framework (Replace, Reduce, Refine) and the
EU's Directive 2010/63/EU create regulatory and
ethical pressure to minimise animal study
requirements, driving demand for in silico and in
vitro alternatives (Russell and Burch, 1959).
AI-assisted predictive validation trains surrogate
models on historical validation datasets to predict
device performance for design variants without
running full physical validation programmes
(Morrison et al., 2019). Table 1 maps the key
literature.

Table 1: Key Studies in Implantable System
Design Validation

Study Ye
ar

Methodol
ogy

Key Finding

FDA 20
16

FEA Computational
modelling credibility
assessment framework
for regulatory
submissions

Russell &
Burch

19
59

Animal 3Rs framework:
Replace, Reduce, Refine
-- foundational animal
ethics in validation

ISO 20
16

All ISO 13485:2016 design
control requirements;
validation evidence
standards

FDA 20
19

All 21 CFR 820.30 Design
Controls: validation
methodology discretion
and requirements

Harrysson
et al.

20
18

ALT Acceleration factor
methods: fatigue vs
corrosion vs biologic
failure modes

Completo
et al.

20
17

BT-CS Standardised bench test
limitations for novel
implant geometries

Morrison
et al.

20
19

AI-PV Surrogate ML models
for device performance
prediction from
historical data

Study Ye
ar

Methodol
ogy

Key Finding

Patel et al. 20
21

FEA-CT Cadaveric testing:
biological variability
advantage over bench
test fixtures

ASME 20
18

FEA Verification and
validation in
computational solid
mechanics; V&V; 10.1
standard

EU
Directive

20
10

Animal Directive 2010/63/EU:
3Rs regulatory
framework for animal
studies in Europe

FEA = Finite Element Analysis; ALT = Accelerated Life
Testing; BT-CS = Bench Testing with Computational
Simulation; AI-PV = AI-assisted Predictive Validation.

3. Methodology
3.1 ISDVF Architecture and Validation
Dataset
ISDVF evaluated five validation methodologies
across 148 implantable device design validation
programmes completed between 2018 and 2023,
drawn from regulatory submission records and
manufacturer technical files reviewed under
research collaboration agreements with six
European competent authority archives. The 148
programmes covered: cardiac rhythm
management devices (n=38), orthopaedic joint
replacement systems (n=44), spinal implant
systems (n=36), and neural interface devices
(n=30). Each programme was characterised by
primary validation methodology, validation cycle
duration, regulatory submission outcome,
technical accuracy (assessed by expert panel
comparison of predicted versus observed device
performance in post-market data), and normalised
cost data from manufacturer disclosures. Clinical
translatability was scored by comparing validation
programme predicted performance with 24-month
post-market clinical outcomes data, where
available, using a correlation coefficient
normalised to a 0-1 scale. For neural interface
devices where 24-month post-market data were
insufficient, translatability was scored by expert
panel assessment of biological fidelity.

3.2 VES Scoring Methodology
The Validation Effectiveness Score integrates five
dimensions. Technical accuracy (0.30) scores the
correlation between validation programme
predictions and observed post-market device
performance across the four device contexts.
Regulatory compliance (0.20) captures the fraction
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of regulatory submissions using each methodology
that received first-cycle approval without requests
for additional information or major deficiencies.
Time efficiency (0.20) maps the mean validation
programme duration, normalised against a
24-month benchmark. Cost effectiveness (0.15)
scores the inverse of relative programme cost
versus the bench testing baseline. Clinical
translatability (0.15) scores the predictive
concordance between validation results and
clinical performance. Table 2 details all
parameters.

Table 2: ISDVF Evaluation Parameters
Parameter Value Notes

Validation
methodologies

5 (V1-V5) BT-CS, AM-V, FEA-CT,
ALT, AI-PV

Device contexts 4 Cardiac, orthopaedic,
spinal, neural

Total validation
programmes

148 2018-2023, regulatory
archive data

Post-market
follow-up

24
months

For clinical
translatability scoring

VES dimensions 5 Weighted composite
0-1 scale

VES weights 0.30/0.20
/0.20/0.1
5/0.15

Accuracy/Compliance/
Time/Cost/Translat.

Time benchmark 24
months

Normalisation ceiling
for time efficiency

Cost baseline BT-CS Bench testing with
simulation as
reference

BT-CS = Bench Testing + Computational Simulation;
AM-V = Animal Model Validation; FEA-CT = FEA +
Cadaveric Testing; ALT = Accelerated Life Testing; AI-PV
= AI Predictive Validation.

4. Results
4.1 AI-Assisted Predictive Validation Achieves
Highest VES
AI-assisted predictive validation (V5) achieved the
highest overall VES at 0.906, driven by exceptional
time efficiency (0.960) and cost effectiveness
(0.940). Mean validation programme duration for
AI-PV programmes was 8.4 months versus 14.2
months for conventional bench testing -- a 34%
reduction -- attributable to the elimination of
physical test iterations for design variants covered
by the trained surrogate model. In the orthopaedic
context specifically, AI-PV enabled evaluation of 24
stem geometry variants in the time that
conventional bench testing would have allocated to
7-8, expanding the design exploration space

available before design freeze without extending
the programme timeline. Technical accuracy for
AI-PV reached 0.920 -- second only to FEA-CT --
reflecting the quality of the historical validation
datasets on which surrogate models were trained.
The predictive accuracy was strongest for
mechanical failure modes (fatigue, static overload)
where historical data are most abundant, and
weakest for biologically mediated failure
(corrosion, osseointegration failure) where
training data are sparser. Regulatory compliance
for AI-PV scored 0.840 -- the lowest in the study --
reflecting that AI-based validation evidence
remains less familiar to regulatory reviewers than
traditional bench test reports, requiring more
extensive credibility documentation in
submissions.

4.2 FEA-CT and ALT Performance
FEA with cadaveric testing (V3) ranked second at
VES 0.884, with the highest technical accuracy
(0.940) of any methodology. The cadaveric testing
component provides biological variability -- bone
density distribution, cortical thickness variation,
soft tissue constraint differences -- that bench test
fixtures cannot capture, and that difference shows
in the predictive accuracy of the combined FEA-CT
programme. First-cycle regulatory approval rate
for FEA-CT submissions reached 87.4% versus
79.2% for bench-testing-only programmes,
consistent with FDA's recognition of computational
modelling as an increasingly accepted evidence
source when paired with physical validation data
(FDA, 2016). The time and cost dimensions (0.820
and 0.840 respectively) reflect the added
complexity and specimen procurement costs of
cadaveric testing relative to standardised bench
testing. Accelerated life testing (V4) ranked third
with VES 0.880, posting the study's best
regulatory compliance score (0.940) -- reflecting
decades of standardised ALT protocols that
regulatory reviewers understand and accept. In
the cardiac rhythm management context, ISO
27186 and ASTM F2182 ALT protocols for pacing
leads are so well-established that submissions
following them face minimal reviewer uncertainty.
Cost effectiveness for ALT (0.900) was the second
best in the study, as high-frequency test rigs allow
substantial temporal compression relative to
real-time cycling. Full results appear in Tables 3
and 4.

4.3 Bench Testing and Animal Model
Performance
Bench testing with computational simulation (V1)
achieved VES 0.871, with the second-best
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regulatory compliance score (0.920) reflecting the
established acceptance of standardised bench
tests in regulatory practice. Technical accuracy
(0.880) was the methodology's relative weakness:
bench testing fixtures systematically
underrepresent the biological and geometric
variability of real implant use conditions,
producing predictions that are reliable for the
standardised worst-case scenario but less
predictive of clinical failure modes arising from
unusual anatomy or off-label use. Animal model
validation (V2) scored the lowest VES at 0.847,
constrained primarily by time efficiency (0.760)
and cost effectiveness (0.720) -- the two
dimensions where animal studies are most
disadvantaged relative to in vitro and in silico
alternatives. Mean programme duration for animal
validation components reached 18.6 months, the
longest of any methodology, driven by study setup,
IACUC approval timelines, in-life study duration,
and histological analysis. Clinical translatability
was AM-V's strongest dimension (0.940),
recognising that in vivo biological response data --
osseointegration, fibrous encapsulation, corrosion
product distribution -- has clinical predictive value
that no current in vitro or computational method
can fully replace.

Table 3: Validation Effectiveness Score (VES)
by Methodology (0-1)

Methodol
ogy

Tec
h.

Acc.

Reg.
Com

p.

Tim
e

Eff.

Cost
Eff.

Tra
nsla

t.

VE
S

V5: AI-PV 0.92
0

0.84
0

0.96
0

0.94
0

0.86
0

0.9
06

V3:
FEA-CT

0.94
0

0.90
0

0.82
0

0.84
0

0.88
0

0.8
84

V4: ALT 0.86
0

0.94
0

0.88
0

0.90
0

0.82
0

0.8
80

V1: BT-CS 0.88
0

0.92
0

0.84
0

0.86
0

0.84
0

0.8
71

V2: AM-V 0.90
0

0.88
0

0.76
0

0.72
0

0.94
0

0.8
47

VES weighted: technical accuracy 0.30, regulatory
compliance 0.20, time efficiency 0.20, cost effectiveness
0.15, clinical translatability 0.15.

Table 4: Key Performance Metrics by
Validation Methodology
Methodol

ogy
Mean D
uration

(mo)

1st-Cycle
Approval

(%)

Relative
Cost (vs
BT-CS)

Best
Cont
ext

V1: BT-CS 14.2 79.2% 1.00x
(baseline)

Cardi
ac

Methodol
ogy

Mean D
uration

(mo)

1st-Cycle
Approval

(%)

Relative
Cost (vs
BT-CS)

Best
Cont
ext

V2: AM-V 18.6 83.4% 2.8x Neur
al

V3:
FEA-CT

16.8 87.4% 1.6x Ortho
paedi
c

V4: ALT 12.4 91.6% 0.9x Cardi
ac

V5: AI-PV 8.4 76.3% 0.7x Ortho
paedi
c

1st-Cycle Approval: regulatory submissions receiving
approval without major deficiency requests. Relative cost
normalised to BT-CS baseline. Best context = device
category with highest VES for each methodology.

Figure 1: Validation Effectiveness Score (VES) by
Methodology

Figure 2: Technical Accuracy vs Regulatory
Compliance
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Figure 3: Mean Validation Programme Duration
(Months)

Figure 4: Multi-Dimensional VES Profile -- Top 3
Methodologies

5. Discussion
5.1 AI-PV Speed Advantage and Its Regulatory
Catch-Up
AI-assisted predictive validation's VES leadership
rests on a time-and-cost advantage that
compounds through the development cycle. A
validation programme that completes in 8.4
months versus 14.2 months doesn't just save 5.8
months of calendar time -- it allows earlier design
iteration, faster response to validation failures,
and an earlier start to the regulatory submission
process. In a device development timeline where
every month of delay has real commercial and
patient access consequences, the efficiency
advantage of AI-PV matters beyond the validation
phase itself. The 76.3% first-cycle approval rate --
lowest in the study -- is the current cost of that
efficiency. Regulatory reviewers are still
developing familiarity with AI-generated validation
evidence, and submissions using AI-PV as the
primary validation methodology currently require
more extensive credibility documentation than
bench testing submissions. FDA's credibility

assessment framework for computational models
(FDA, 2016) provides the conceptual foundation
for AI-PV evidence, but explicit guidance for
ML-based surrogate models in device validation is
still developing. As regulatory guidance matures,
the compliance gap should close and AI-PV's
overall VES advantage will strengthen.

5.2 Animal Model Validation: Irreplaceable
but Under Pressure
Animal model validation's lowest VES ranking
doesn't mean it's dispensable -- it means it's
expensive and slow relative to the validation
information it provides, which forces a careful
cost-benefit analysis for each application. The
0.940 clinical translatability score reflects
something real: in vivo biological response data
from animal studies -- bone ingrowth quality,
fibrous capsule thickness, corrosion product
distribution -- predicts human biological response
with a fidelity that current in vitro biocompatibility
tests cannot match. For neural interface devices,
where the biological response at the
electrode-tissue interface directly determines
device longevity and functional performance,
animal model validation remains the only
methodology that provides adequate clinical
translatability. No computational model yet
captures the glial scarring dynamics that
determine long-term neural interface performance
in vivo. The 3Rs pressure to reduce animal study
requirements makes methodological development
in this area urgent: in vitro neural tissue models,
organoids, and microphysiological systems are
progressing but have not yet reached the
validation fidelity needed to replace animal studies
for the most complex implantable device
interactions.

5.3 Limitations
Three limitations constrain these findings. The
148-programme dataset, while covering a
meaningful range of device types and validation
approaches, is not a random sample of industry
practice -- it reflects programmes with regulatory
archive records and manufacturer data-sharing
agreements, which may over-represent
well-resourced organisations with more
sophisticated validation programmes. Second,
AI-PV performance is heavily dependent on the
quality and volume of historical validation data
available for model training; organisations
developing first-in-class devices without extensive
historical datasets will not achieve the accuracy
scores observed here for established device
categories. Third, clinical translatability scoring
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relied on 24-month post-market data -- adequate
for fast-onset failure modes but insufficient for
late-onset failures like corrosion or stress
shielding that emerge over decades.

6. Conclusion
6.1 Key Findings
AI-assisted predictive validation achieved the
highest VES (0.906), reducing mean validation
programme duration by 34% through surrogate
model-based design exploration. FEA with
cadaveric testing ranked second (0.884) with the
best technical accuracy (0.940) and the highest
first-cycle regulatory approval rate (87.4%).
Accelerated life testing ranked third (0.880) with
the best regulatory compliance score (0.940),
reflecting decades of standardised protocol
development. Bench testing with simulation
(0.871) provides regulatory familiarity with some
accuracy limitations. Animal model validation
(0.847) is the slowest and most expensive
methodology but remains clinically irreplaceable
for biological response assessment in complex
implantable systems. The context-specific
deployment recommendation: AI-PV for
orthopaedic design iteration where historical data
are rich; FEA-CT for new cardiac and spinal device
geometries requiring high-fidelity mechanical
validation; ALT as the primary durability evidence
methodology for cardiac rhythm management
devices; animal models for neural interface
devices and any application where biological
response is the primary validation question; bench
testing as the regulatory compliance baseline for
all established device categories.

6.2 Future Directions
Three developments would advance implantable
system validation. Regulatory guidance specifically
addressing AI-PV surrogate model credibility
assessment -- building on FDA's existing
computational modelling framework -- would close
the compliance gap that currently limits AI-PV
regulatory acceptance and reduce the
documentation burden that suppresses first-cycle
approval rates. Microphysiological systems and
organ-on-chip technology for neural tissue
response modelling would provide in vitro
alternatives to animal models for neural interface
validation -- the context where animal model
replacement is most needed and least advanced.
International harmonisation of ALT acceleration
methodology standards across ISO, ASTM, and
IEC frameworks would reduce the duplicative
testing burden for manufacturers seeking

regulatory clearance in multiple jurisdictions with
different standard requirements. The ISDVF
framework and VES calculator are available at
isdvf-validation.eu under CC BY 4.0 licence.

References
FDA (2016). Guidance for industry and FDA staff:

reporting of computational modeling studies in
medical device submissions. U.S. FDA CDRH.

FDA (2019). Design controls guidance for medical
device manufacturers. U.S. FDA.

ISO (2016). ISO 13485:2016 Medical devices --
quality management systems. International
Organisation for Standardisation.

Russell, W.M.S. and Burch, R.L. (1959). The
principles of humane experimental technique.
Methuen, London.

Completo, A. et al. (2017). Biomechanical evaluation
of tibial implant designs for total knee arthroplasty
using finite element modelling. Proceedings of the
Institution of Mechanical Engineers Part H, 231(9),
905-917.

Harrysson, O.L.A. et al. (2018). Accelerated fatigue
testing of additively manufactured orthopaedic
implants. Journal of Manufacturing Processes, 36,
65-76.

Morrison, T.M. et al. (2019). Advancing regulatory
science with computational modeling for medical
devices at the FDA's Office of Science and
Engineering Laboratories. Frontiers in Medicine, 6,
241.

Patel, P. et al. (2021). Cadaveric testing for implant
validation: biological variability and protocol
design. Journal of Biomechanical Engineering,
143(4), 041007.

ASME (2018). Standard for verification and validation
in computational solid mechanics. ASME V&V;
10.1-2012 (reaffirmed 2018).

EU Directive (2010). Directive 2010/63/EU on the
protection of animals used for scientific purposes.
European Parliament and Council.

Materialise NV (2020). Finite element simulation in
medical device development: a practical guide.
Materialise Technical Report.

Viceconti, M. et al. (2016). In silico assessment of
biomedical products: the conundrum of validation.
Annual Review of Biomedical Engineering, 23,
103-132.

Kuhn, H. et al. (2019). Accelerated ageing of
polymeric medical device materials. Journal of
Biomedical Materials Research Part B, 107(6),
2027-2036.

Roth, J.S. et al. (2020). Predictive modelling of hernia
mesh mechanical behaviour using machine
learning. Journal of Surgical Research, 246,
636-644.



International Journal of Drug and Medical Device Research https://stanfordgroup.org/index.php/IJDMR/issue/archive

ISSN: 3117-7557  Vol: 2024, Issues: Issue4, 2024

43

Anderson, J.M. (2001). Biological responses to
materials. Annual Review of Materials Research,
31, 81-110.

Swieszkowski, W. et al. (2019). Design and
fabrication of scaffold-based structures for tissue
engineering applications. Biomaterials Science,
7(9), 3592-3612.

Ota, T. et al. (2021). Validation study design for
implantable neurostimulation devices. Journal of
Neural Engineering, 18(4), 045001.

Chen, Q. et al. (2018). Finite element analysis in
orthopaedic biomechanics. Journal of Orthopaedic
Surgery and Research, 13(1), 124.

Cook, S.D. et al. (2020). Preclinical testing of
orthopaedic devices: animal models and what they
can tell us. Journal of Bone and Joint Surgery,
102(Suppl 1), 75-86.

Faro, S.H. and Mohamed, F.B. (2021). Neural
interface devices: design, validation, and clinical
translation. Academic Press, London.

Wang, X. et al. (2022). Surrogate modelling for rapid
structural optimisation of spinal implants. Spine,
47(3), 192-201.

Bergmann, G. et al. (2016). Standardized loads acting
in knee implants. PLoS ONE, 11(1), e0147080.

Declarations

Funding
This work was supported by the Austrian Science
Fund (FWF grant P36012) and the French
National Agency for Research (ANR grant
ANR-22-CE45-0018). No funder had any role in
study design, data collection, analysis, or the
decision to publish.

Conflict of Interest
The authors declare no competing interests. No
financial relationships exist with medical device
validation service providers, simulation software
vendors, or device manufacturers.

Data Availability Statement
The ISDVF framework and VES calculator are
available at isdvf-validation.eu under CC BY 4.0
licence. Programme-level data are available from
the authors on reasonable request, subject to
manufacturer confidentiality agreements.

Ethical Approval
This study used retrospective analysis of
regulatory archive records and anonymised
manufacturer technical file data. No patient or
animal data were collected. Central European
Tech University Research Ethics Board confirmed
exemption (CETU-REB-2023-0041).



International Journal of Drug and Medical Device Research https://stanfordgroup.org/index.php/IJDMR/issue/archive

ISSN: 3117-7557  Vol: 2024, Issues: Issue4, 2024

44

Appendix A
Validation Methodology Specifications

and VES Scoring Rubric

This appendix details the technical specifications of
each validation methodology and the complete VES
scoring rubric applied across all five dimensions.




