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1. INTRODUCTION

The landscape of medical device regulation has undergone transformative
changes in recent years, particularly in the European Union (EU) and other regions
with increasingly rigorous post-market surveillance (PMS) requirements. Post-
market clinical evaluation (PMCE) has become a pivotal component of medical
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device lifecycle management, ensuring continuous assessment of safety,
performance, and real-world effectiveness after a device enters the market
European Commission (2020). As technological complexity grows and patient
expectations evolve, regulatory bodies are now placing emphasis not only on clinical
data but also on broader health outcomes and economic impact. In this context,
integrating Health Economics (HE) and Artificial Intelligence (AI) into PMCE
processes presents a compelling opportunity to enhance the robustness and
relevance of post-market data.

Health Economics offers structured methodologies to evaluate the cost-
effectiveness, budget impact, and value proposition of medical devices in real-world
settings. These economic evaluations extend beyond mere cost assessments and
delve into patient outcomes, quality-adjusted life years (QALYs), and overall societal
benefit Drummond et al. (2015). Incorporating HE into PMCE enables
stakeholders—including manufacturers, healthcare providers, and regulators—to
make more informed decisions grounded in both clinical and economic evidence.
Such integration can support market access strategies, reimbursement decisions,
and policy formulation while aligning with broader value-based healthcare models
Sorenson et al. (2008).

Concurrently, the rapid evolution of Al and machine learning (ML) technologies
is reshaping how real-world evidence (RWE) is collected, analyzed, and interpreted.
Al algorithms are increasingly used to automate data extraction from electronic
health records (EHRs), patient registries, and wearable devices, enabling
continuous monitoring of device performance in diverse clinical environments
Topol (2019). Machine learning models can detect early safety signals, predict
patient outcomes, and stratify risk with a granularity that traditional methods often
fail to achieve Esteva et al. (2019). In the context of PMCE, these capabilities
significantly augment traditional methodologies, allowing for proactive rather than
reactive post-market surveillance.

The synergy between Health Economics and Al holds particular promise when
conceptualized through the lens of “exchanged outcomes.” This emerging paradigm
emphasizes bidirectional data flows and collaborative evaluation among multiple
stakeholders—patients, clinicians, payers, regulators, and manufacturers. Al tools
can personalize economic evaluations by tailoring cost-effectiveness analyses to
patient subgroups, thereby improving relevance and applicability. Meanwhile, HE
frameworks can contextualize Al-driven insights within real-world cost and
resource constraints, enhancing their value for decision-making Garrison et al.
(2018). By linking clinical, economic, and technical dimensions, exchanged
outcomes foster a more holistic and adaptive model of post-market evaluation.

Despite the promise of this integrated approach, several challenges persist.
Data interoperability, regulatory acceptance of Al models, ethical considerations,
and standardization of economic outcomes remain significant barriers. For instance,
current regulatory frameworks are still evolving in terms of how to assess Al-
enabled tools, especially those that learn and adapt over time European Medicines
Agency (EMA). (2021). Moreover, the integration of economic data requires
alignment with clinical endpoints and consistent methodologies to ensure
comparability across studies and settings.

Nevertheless, forward-thinking manufacturers and regulators are beginning to
embrace these innovations. Initiatives like the EU Medical Device Regulation (MDR)
and the U.S. FDA’s Digital Health Center of Excellence reflect growing institutional
recognition of the need for integrated, data-driven post-market strategies.
Additionally, collaborative projects such as the IMDRF (International Medical
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Device Regulators Forum) work on RWE and Al governance indicate a global
momentum toward unified frameworks for evaluating next-generation medical
technologies IMDRF. (2022).

In conclusion, the convergence of Health Economics and Artificial Intelligence
within the realm of post-market clinical evaluation offers a transformative path
forward. This integrative strategy aligns with contemporary trends in precision
medicine, digital health, and value-based care, and positions stakeholders to deliver
safer, more effective, and economically sustainable medical innovations. As
regulatory landscapes mature and data ecosystems become increasingly
interconnected, leveraging exchanged outcomes will be essential for realizing the
full potential of medical devices in the post-market phase.

2. METHODOLOGY

This paper is based on a structured literature review aiming to explore the
integration of Health Economics (HE) and Artificial Intelligence (Al) into the Post-
Market Clinical Evaluation (PMCE) of medical devices, particularly through the lens
of exchanged outcomes. The review was conducted using a qualitative synthesis of
peer-reviewed journal articles, regulatory documents, and grey literature to provide
a comprehensive understanding of the current landscape, key trends, and gaps in
existing research.

2.1. SEARCH STRATEGY AND SELECTION CRITERIA

The literature search was conducted between January and March 2025,
utilizing the following academic databases: PubMed, Scopus, Web of Science, and
Google Scholar. Keywords and search terms were selected based on relevance to the
core themes of the study and included Boolean combinations such as:

o ("post-market clinical evaluation” OR "post-market surveillance”" OR
"PMCE")

e AND ("medical devices")

e AND ("health economics”" OR "economic evaluation” OR "cost-
effectiveness")

e AND ("artificial intelligence" OR "machine learning")

e AND ("real-world evidence" OR "value-based healthcare" OR "outcomes
exchange")

The review included studies published between 2013 and 2024, aligning with
the modern regulatory evolution marked by the EU Medical Device Regulation
(MDR) and increased Al deployment in healthcare analytics. Inclusion criteria
consisted of:

1) Peer-reviewed articles, white papers, and regulatory guidance
documents.

2) Studies discussing the integration of HE and/or Al in PMCE contexts.
3) Papers published in English.

4) Sources providing empirical or theoretical insights into exchanged
outcomes.

Exclusion criteria involved:

e Non-English language publications.
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e Studies unrelated to medical devices or lacking relevance to HE/AI
themes.

e Duplicates and pre-2013 publications unless deemed foundational.

After initial screening, 78 documents were shortlisted, of which 42 met the final
inclusion criteria following full-text review. Reference chaining was also employed
to capture relevant papers cited within selected documents.

3. QUALITATIVE ANALYSIS APPROACH

A thematic content analysis was used to synthesize qualitative data across
selected sources. The process involved coding textual content from articles using
NVivo software (version 14), categorizing findings into pre-defined and emerging
themes. These included:

e Therole of HE in post-market decision-making.
o The contribution of Al in enhancing RWE and outcome measurement.

e (Challenges and facilitators in integrating Al and HE into regulatory
practice.

e (ase studies demonstrating exchanged outcomes in PMCE.

To ensure rigor and minimize bias, two independent reviewers performed
coding, with discrepancies resolved through discussion and consensus.
Triangulation with regulatory documents was also applied to validate thematic
consistency.

4. RESEARCH LIMITATIONS

While this review provides valuable insights, several limitations must be
acknowledged. First, publication bias may affect the comprehensiveness of findings,
as positive results are more likely to be published than null or negative outcomes
Songetal,, 2010. Second, language restriction to English may have excluded relevant
studies from non-English speaking countries, potentially limiting global
applicability.

Additionally, the review did not include quantitative meta-analysis, due to
heterogeneity in study designs, outcome measures, and methodologies. This
restricts the ability to draw firm statistical conclusions regarding the efficacy of Al
and HE integration in PMCE. Furthermore, the rapidly evolving nature of Al
technologies means that findings could quickly become outdated, necessitating
ongoing research and review.

5. ETHICAL CONSIDERATIONS

As this study did not involve human participants, clinical trials, or patient-level
data, formal ethical approval was not required. However, ethical rigor was
maintained by adhering to transparent reporting practices, avoiding plagiarism, and
ensuring accurate citation of all sources.

An ethical limitation intrinsic to the subject matter lies in the use of Al for post-
market surveillance, which raises concerns about patient data privacy, algorithmic
bias, and transparency Morley et al. (2020). Although these were addressed in the
reviewed literature, their practical resolution remains an ongoing challenge within
the industry.
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Table 1

Aspect Description

Databases Used PubMed, Scopus, Web of Science, Google Scholar

Years Covered 2013-2024

Exclusion Criteria Non-English, non-device-related, duplicates, pre-2013 unless foundational

Documents Included 42 final sources after screenin

Limitations Publication bias, language restriction, no meta-analysis, fast-evolving field

6. RESULTS

The thematic content analysis of the 42 selected publications yielded a multi-
faceted view of how Health Economics (HE) and Artificial Intelligence (AI) are
currently being incorporated into post-market clinical evaluation (PMCE) of medical
devices. The findings are presented in five major themes: (1) trends in post-market
evidence generation, (2) application of Al in real-world data (RWD) analysis, (3) role
of HE in decision-making, (4) synergistic frameworks for exchanged outcomes, and
(5) current challenges and gaps.

Recent literature reflects a paradigm shift in PMCE from traditional, static
reporting models to dynamic, continuous data integration from real-world settings.
A major trend is the transition from reactive, incident-driven surveillance to
proactive risk management supported by predictive analytics Califf et al. (2020).

Several studies emphasized the growing reliance on Real-World Evidence
(RWE) sources—such as electronic health records (EHRs), patient registries, and
device performance databases—to assess post-market safety and effectiveness
Makady et al. (2017). Regulatory initiatives such as the EU Medical Device
Regulation (MDR 2017/745) and FDA'’s Sentinel Initiative were frequently cited as
key catalysts for this evolution.

This transformation supports a broader, outcomes-oriented view of device
performance, including user-reported outcomes, quality of life metrics, and
comparative effectiveness.

Artificial Intelligence—especially machine learning (ML)—has emerged as a
cornerstone of modern PMCE. Over 70% of the reviewed studies discussed the use
of Al for real-time signal detection, patient risk stratification, and outcome
prediction in post-market surveillance.

For instance, ML algorithms have been employed to identify early safety
concerns by detecting anomalies in EHR or claims data far earlier than traditional
reporting systems Rajkomar et al. (2019). These tools also facilitate the automated
classification of adverse events, and several papers described natural language
processing (NLP) being used to mine free-text fields in clinical reports Sendak et al.
(2020).

Importantly, Al was also shown to enhance patient segmentation for economic
modeling. By identifying clinically and economically distinct subgroups, Al can
optimize the personalization of cost-effectiveness analyses—providing valuable
data for payers and manufacturers alike Wiens & Shenoy (2019). While many
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studies highlighted the potential of Al, several noted a lack of consensus on
validation, explainability, and regulatory acceptance of adaptive learning systems,
especially when these tools evolve post-market.

A clear finding from the literature is the increasing adoption of economic
evaluation frameworks in PMCE to assess cost-effectiveness, budget impact, and
societal value of medical devices beyond initial market entry Drummond et al.
(2015). Health Economics plays a crucial role in bridging clinical performance and
resource utilization. Approximately half of the studies reviewed used cost-
effectiveness analysis (CEA) as a central tool in post-market assessments. Common
metrics included incremental cost-effectiveness ratios (ICERs), QALYs, and net
monetary benefits. Some articles proposed conditional reimbursement models
linked to post-market performance, which are already operational in countries like
Sweden and Germany Sorenson et al. (2008).

Additionally, health economic data were often used to update Health
Technology Assessment (HTA) decisions post-launch. In several cases, post-market
data resulted in adjusted pricing or coverage decisions, especially for high-cost,
high-risk technologies such as implantables or digital therapeutics. A subset of
studies addressed budget impact analyses (BIA) and their growing role in dynamic
resource allocation based on real-world performance, highlighting a shift from one-
time evaluations to continuous economic monitoring.

One of the most compelling insights from this review is the emerging use of
“exchanged outcomes” as a holistic evaluation framework. This concept involves
reciprocal flows of data, evidence, and value between stakeholders—clinicians,
patients, regulators, payers, and manufacturers.

Several sources emphasized that integrating Al with HE within this model
enables feedback loops where post-market data inform economic models, and in
turn, economic outcomes guide regulatory or clinical responses Garrison et al.
(2018). For example, adaptive Al systems can segment patients not only by clinical
response but also by cost-effectiveness thresholds, enhancing targeted value
demonstration. Meanwhile, HE models are increasingly incorporating real-time Al-
generated outcomes, such as treatment adherence, time-to-event analytics, and
device usability, enabling more dynamic assessment.

Such frameworks support value-based healthcare (VBHC) principles, where
reimbursement and continued market access depend on demonstrated outcomes
across clinical and economic domains. The literature suggests that exchanged
outcomes could become a regulatory norm, especially in settings emphasizing
shared risk or managed entry agreements.

Despite these promising developments, several limitations and systemic
challenges were recurrent across the literature:

e Data interoperability and fragmentation: Many healthcare systems lack
unified data infrastructures, limiting the scope of Al-driven PMCE.

e Validation of Al models: Concerns persist about model generalizability,
explainability, and ethical implications such as bias or lack of transparency
Morley et al. (2020).

¢ Inconsistent HE methodologies: Variability in economic evaluation
standards and lack of alignment with clinical endpoints reduce
comparability across studies.

e Regulatory uncertainty: Limited guidance on Al in PMCE and evolving
acceptance of economic data by regulatory authorities were cited as
barriers to wider adoption.
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Moreover, very few studies reported on patient involvement in defining
outcomes or value measures, despite growing emphasis on participatory evaluation
models.

Table 2

Theme Key Insights

Al in PMCE Enhances data mining, risk prediction, and patient segmentation;
barriers in explainability and trust

Exchanged Outcomes Enables bidirectional feedback between clinical, economic, and
Framework regulatory domains

7. DISCUSSION

The integration of Health Economics (HE) and Artificial Intelligence (Al) into
Post-Market Clinical Evaluation (PMCE) of medical devices represents a significant
evolution in how the safety, effectiveness, and value of these technologies are
assessed after regulatory approval. This discussion synthesizes the findings of the
review while critically evaluating the opportunities and challenges posed by these
innovations. The implications for regulators, healthcare providers, manufacturers,
and payers are also explored through the lens of exchanged outcomes.

1) Towards a Dynamic, Learning Ecosystem

One of the central insights emerging from the review is that PMCE is no longer a
static, one-time obligation, but a continuous learning process informed by real-
world data (RWD) and enhanced by advanced analytics. The proliferation of real-
world evidence (RWE) sources—such as patient registries, claims databases, and
EHRs—enables regulators and stakeholders to monitor medical device performance
in routine clinical practice more effectively than ever before Makady et al. (2017).

Al is instrumental in unlocking the potential of these datasets, offering tools to
automate signal detection, predict adverse events, and stratify patient outcomes in
real time Rajkomar et al. (2019). This capability creates a foundation for learning
health systems where PMCE feeds into ongoing clinical, regulatory, and economic
decision-making. As Califfetal. (2020) suggest, such systems are particularly crucial
in high-risk or fast-evolving device categories like implants, diagnostics, and Al-
based software as medical devices (SaMDs).

2) From Surveillance to Value-Based Evaluation

Traditionally, PMCE focused on safety monitoring and incident reporting, often
through passive systems like manufacturer registries or voluntary physician inputs.
However, there is a marked shift toward value-based healthcare (VBHC) paradigms,
where the long-term value of a medical device—rather than just its initial
performance—is of primary concern Porter (2010). Health Economics provides a
robust framework to support this transition. Cost-effectiveness analysis (CEA),
budget impact analysis (BIA), and quality-adjusted life years (QALYs) are
increasingly being incorporated into post-market studies to capture economic value
alongside clinical effectiveness Drummond et al. (2015). This is especially relevant
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in resource-constrained systems, where reimbursement and continued use may
depend on the real-world cost-benefit profile.

The review highlighted examples of conditional reimbursement and managed
entry agreements in countries like Sweden, Germany, and the UK, where HE
outcomes post-launch influence coverage decisions Sorenson et al. (2008). Such
models align with the broader goals of PMCE, ensuring that devices not only perform
clinically but also justify their economic footprint.

3) Al and HE Synergies: A New Model for Exchanged Outcomes

Perhaps the most innovative development discussed in the literature is the
conceptual shift towards exchanged outcomes—a model in which data and value are
continually shared among stakeholders, enabled by Al and informed by economic
evaluations. This model moves beyond unidirectional data submission to regulators
and instead promotes a multi-directional ecosystem of learning and accountability
Garrison et al. (2018).

In such a system, Al algorithms process real-world inputs to generate dynamic
outcome insights—Ilike real-time device performance, patient-reported metrics, or
adherence patterns. These insights, in turn, feed into HE models to reassess value.
The economic results then help guide clinical practice, regulatory actions, and payer
decisions. This loop fosters adaptive regulation and value-based reimbursement,
improving transparency and stakeholder engagement. Importantly, Al also enables
individualized cost-effectiveness models, segmenting patients based on clinical and
economic risk profiles. This supports more nuanced PMCE by identifying subgroups
that may benefit most—or least—from specific interventions, which is vital in
precision medicine contexts Wiens & Shenoy (2019).

4) Limitations and Risks of Al in Post-Market Contexts

Despite the promise of Al in PMCE, several concerns persist. A major limitation
is the lack of transparency and explainability of many Al systems, particularly deep
learning models, which are often described as “black boxes” Topol (2019). In a
regulatory context, explainability is critical for justifying decisions that affect patient
safety and public trust.

Moreover, Al systems are susceptible to bias and data quality issues. If trained
on skewed or non-representative datasets, these tools may perpetuate inequalities
in device surveillance or misidentify safety signals. Such biases may be especially
dangerous in populations that are underrepresented in initial clinical trials or device
development phases Obermeyer et al. (2019).

Additionally, the regulatory infrastructure is still catching up with the
capabilities of Al. While agencies like the FDA have introduced pathways for Al-
based devices and software, post-market requirements for adaptive learning
systems remain ambiguous. Many tools evolve over time, raising questions about
how updates are monitored and evaluated after initial clearance FDA. (2021).

5) Challenges in Health Economics Integration

While HE offers powerful tools for post-market value assessment, their
integration into PMCE is not without obstacles. One challenge is the variability in
methods and standards across countries and HTA bodies. For example, some
systems favor QALY-based thresholds, while others emphasize cost-benefit ratios
or clinical benefit scales Angelis et al. (2018).

Furthermore, HE models often rely on assumptions that may not hold in the
real world, especially in complex, multi-stakeholder environments. Incorporating
real-world utility measures, patient-reported outcomes, and indirect costs into
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these models remains difficult due to data limitations and lack of consensus on
appropriate measures Tarricone et al. (2020).

Lastly, economic data is often viewed as secondary by regulators focused
primarily on safety and efficacy. There remains a gap in aligning clinical and
economic outcomes, which undermines the full potential of integrated PMCE.

6) Ethical, Legal, and Social Implications (ELSI)

The use of Al and HE in PMCE raises important ethical and legal questions.
Patient data privacy is a major concern, especially in light of evolving data protection
regulations such as the General Data Protection Regulation (GDPR) in Europe.
Ensuring informed consent, data security, and transparency in how patient
information is used is essential for ethical Al integration Morley et al. (2020).

There is also a need to address algorithmic accountability, particularly when Al
is used to make decisions that could influence access to care or reimbursement.
Stakeholders must establish clear governance frameworks to manage these risks
and ensure that innovations in PMCE enhance, rather than compromise, patient
equity and safety.

8. CONCLUSION

This review affirms that the integration of Al and HE into PMCE presents a
powerful opportunity to enhance the safety, efficiency, and value assessment of
medical devices in real-world settings. By facilitating continuous evidence
generation and feedback across stakeholders, these tools support a paradigm of
exchanged outcomes that aligns with both regulatory oversight and value-based
healthcare. However, realizing this vision requires concerted efforts to overcome
technical, methodological, ethical, and regulatory barriers. Stakeholders must
collaborate to establish standards for AI validation, economic evaluation
integration, and ethical governance. Only then can the full potential of these
innovations be realized in delivering better patient outcomes and more sustainable
healthcare systems.
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