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Artificial intelligence (AI) is driving a profound 
transformation across the healthcare landscape, with the 
potential to enhance diagnostic accuracy, optimize clinical 
decision-making, improve resource allocation, and advance 
personalized medicine. In public health, AI is redefining 
infectious disease epidemiology by enabling outbreak 
forecasting, genomic surveillance, and data-driven policy 
support, even in the presence of incomplete information.
Within clinical laboratories, AI plays a pivotal and 
expanding role. It facilitates automation of complex 
workflows, supports diagnostic interpretation, and 
contributes to analytical performance improvements. 
Particularly promising is its integration into point-of-care 
testing, enabling decentralized diagnostics and broader 
access to timely care, especially in resource-constrained 
settings.
However, these advancements are not without challenges. 
Concerns regarding algorithmic bias, lack of data 
representativeness, and risks to privacy and transparency 
must be carefully addressed. Moreover, the ethical and 
societal implications of AI are increasingly central. As 
emphasized by Pope Francis, while AI may accelerate 
access to knowledge and innovation, it also risks deepening 
global disparities and promoting a “throwaway culture” 
that undermines human dignity. His appeal for a “culture 
of encounter” rooted in equity, justice, and inclusion aligns 
with the mission of public health and laboratory medicine.
This paper, based on the invited lecture delivered at the 
Clinical Laboratories Artificial Intelligence Revolution 
(CLAIR) 2025 conference, explores these themes through 
a critical lens. International scientific societies such as the 
IFCC are called to foster equitable implementation of AI by 
promoting access to training, infrastructure, and governance 
frameworks thus ensuring that AI contributes meaningfully 
to global health solidarity and equity.
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Introduction
Artificial intelligence (AI) is rapidly transforming the 
landscape of healthcare delivery [1]. AI technologies are 
poised to revolutionize clinical workflows, ranging from early 
diagnosis and risk stratification to the tailoring of personalized 
treatment plans, however, such transformation remains largely 
prospective, as many models still require extensive external 
validation and performance monitoring before they can be 
integrated reliably into routine care. In the field of laboratory 
medicine, AI is gaining prominence as a tool to automate 
interpretation, detect anomalies, and integrate complex 
biological data to support evidence-based decision-making 
[2]. These advances reflect wider movements in digital health, 
such as the integration of precision medicine approaches, 
the adoption of interoperable electronic health records, and 
the decentralization of diagnostic services through point-
of-care technologies. However, the pace and extent of these 
transformations vary significantly across regions, particularly 
where resource constraints or infrastructural gaps limit digital 
readiness. Bridging this global divide remains a critical 
challenge for equitable AI deployment.

Yet, the advancement of AI technologies in healthcare is not 
without significant challenges. Technical concerns such as 
algorithmic bias, data quality, and lack of interoperability 
intersect with profound ethical and legal questions. Issues 
related to patient autonomy, data privacy, transparency, and 
accountability have gained increasing attention, especially in 
light of the opaque “black box” nature of many AI models. 
These concerns are further compounded in low- and middle-
income countries, where limited digital infrastructure may 
widen health disparities unless addressed by equitable AI 
deployment strategies. As emphasized by Bouderhem, the 
future of AI in healthcare hinges not only on technological 
capability, but also on the development of adequate regulatory, 
ethical, and governance frameworks [1].
The World Health Organization (WHO), in its reports and 
position papers, has stressed the importance of adopting legally 
binding norms to govern AI applications in health [3, 4] while 
the European Union’s AI Act aims to provide a harmonized 
legal model grounded in human rights and safety standards [5].

At the same time, global voices such as Pope Francis have 
drawn attention to the broader societal risks of AI. In the 
document Antiqua et Nova: Note on the Relationship Between 
Artificial Intelligence and Human Intelligence [6] and in his 
address at the G7 session on artificial intelligence held in Italy 
in 2024 [7], the Pope warned of the dangers of a “throwaway 
culture” driven by efficiency at the expense of human dignity 
and advocated instead for a “culture of encounter” that 
promotes fairness, inclusion, and justice. 
Such a perspective underscores the moral urgency of inclusive 
technological development.

In this context, laboratory medicine emerges not only as a 
technical domain but also as a strategic platform for fostering 
equitable AI integration. International scientific bodies such 
as the International Federation of Clinical Chemistry and 
Laboratory Medicine (IFCC) play a critical role in promoting 
standards, infrastructure, and training to ensure responsible 
adoption.
This article contributes to the ongoing discourse by providing a 
critical overview of both the achievements and the unresolved 
questions surrounding the implementation of AI in healthcare. 
It is based on the lecture presented by the author at Clinical 
Laboratories Artificial Intelligence Revolution, March 28th, 
2025, Belgrade, Serbia (CLAIR 2025), under the title: 
“Tribulations, Triumphs, and Governance: Shaping the Future 
of AI in Healthcare”.

Triumphs of AI in Healthcare
AI is achieving transformative success across the healthcare 
ecosystem, extending far beyond diagnostic imaging. In 
addition to surpassing or equaling expert performance in 
interpreting radiological images such as chest X-ray (CXR), 
computed tomography (CT), and magnetic resonance imaging 
(MRI) scans, AI is reshaping core clinical processes and public 
health strategies [1]. 
Beyond radiology, AI is driving major advances in the 
management of chronic diseases such as cardiovascular 
conditions and diabetes, which continue to burden global health 
systems. Most machine learning (ML) applications to date 
have focused on diagnostic decision support in these areas, 
enabling earlier detection, risk stratification, and individualized 
management. In nephrology, for instance, AI systems have been 
implemented to detect chronic kidney disease, predict renal 
function decline, and anticipate acute kidney injury. Similarly, 
predictive algorithms in primary care settings support early 
intervention and resource optimization. However, existing 
studies underscore the need for rigorous model transparency, 
robust external validation, and comprehensive lifecycle 
reporting, including ongoing performance monitoring after 
clinical deployment [8].
The role of AI in public health is rapidly expanding, particularly 
in infectious disease epidemiology. 

Recent advances published in Nature illustrate how AI 
models significantly improve traditional epidemiological 
approaches by accelerating forecasting, managing incomplete 
surveillance data, and supporting timely policy interventions. 
The integration of empirical data, computational modelling, 
and real-time policy feedback represents a paradigm shift in 
epidemic response systems [9].
AI is also contributing to precision medicine and clinical 
pharmacology. In clinical trials, AI facilitates more efficient 
patient stratification and recruitment, supports adaptive protocol 
design, and enables real-time analysis of interim results, 
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contributing to faster, more cost-effective, and targeted trial 
execution. AI-enhanced tools can reduce sample sizes, shorten 
trial durations, and increase the probability of regulatory 
success, particularly in oncology and rare diseases [10].
The breadth of AI’s clinical application is reflected in a recent 
scoping review of randomized controlled trials (RCTs), which 
underscores both the promise and limitations of current 
evidence. Gastroenterology emerged as the most represented 
specialty, followed by radiology, cardiology, surgery, and 
oncology, highlighting a concentration of AI research in a 
few clinical domains, with limited exploration across others. 
Geographically, the United States and China are the leading 
contributors, each responsible for nearly one-third of the trials. 
Notably, while studies from the United States span various 
specialties, the majority of Chinese trials were focused on 
gastroenterology. Most RCTs were conducted in a single 
country and at a single center, with only a small fraction 
involving multinational collaborations, predominantly within 
Europe. This pattern reveals a critical gap in demographic 
representation and multicenter validation, underscoring the 
need for cross-regional cooperation and broader evaluation 
strategies [11].
Generative AI is further expanding the scope of these 
advancements by enhancing diagnostic accuracy, automating 
complex workflows, and streamlining scientific processes. In 
healthcare, these models have been applied to tasks such as 
drug–drug interaction identification, clinical decision support, 
and pharmacovigilance, demonstrating promise in early 
detection and management of adverse drug events [12]. In 
research, generative AI is accelerating hypothesis generation, 
optimizing study design, and assisting with scientific writing. 
These advancements underscore the transformative potential 
of generative AI in improving patient outcomes and expediting 
scientific discoveries. However, this rapid integration also 
raises important ethical concerns, particularly regarding 
authorship, transparency, and the preservation of scientific 
integrity, calling for clear guidelines and human oversight in 
AI-assisted scholarly communication [13].

Applications in Laboratory Medicine
AI is playing an increasingly transformative role in laboratory 
medicine, enhancing quality, efficiency, and clinical impact 
across the entire total testing process, from pre-analytical to 
post-analytical phases. While early applications focused on 
tasks such as automated microscopy and sediment analysis, 
recent progress has shifted toward deep learning models that 
support complex classification, real-time quality control, and 
integrative diagnostic support [14, 15].
•	 In the pre-analytical phase: AI tools have demonstrated 

the ability to mitigate frequent sources of error. ML 
algorithms have been developed to detect inappropriate 
test requests [16], identify mislabeled or misidentified 
samples (e.g., wrong blood in tube) [17], and flag potential 
pre-analytical inconsistencies through pattern recognition 

and delta checks [18]. These solutions contribute to 
reducing unnecessary testing, increasing patient safety, and 
optimizing resource utilization [19].

•	 In the analytical phase: AI-based approaches, such as 
Patient-Based Real-Time Quality Control (PBRTQC), 
enhance error detection by monitoring longitudinal trends 
and identifying analytical shifts that would be undetectable 
through conventional internal quality control methods 
[20, 21]. Additionally, AI supports the interpretation of 
complex datasets, such as those from mass spectrometry 
and flow cytometry, improving both speed and consistency. 
However, most of these tools have been developed and 
tested in isolated settings, and few have undergone 
multicenter validation. As such, their true impact on 
error reduction and quality assurance in routine clinical 
environments remains to be conclusively demonstrated 
[22].

•	 In the post-analytical phase: AI is increasingly used for 
diagnostic and prognostic applications [23-25]. Machine 
learning models have shown high predictive accuracy for 
hematological conditions such as hemoglobinopathies, 
based on routine laboratory parameters like complete 
blood count (CBC) data [26], classifying neoplastic cell 
types from blood films [27], and stratifying patients with 
suspected urinary tract infections through interpretable 
decision-tree algorithms [28]. AI has also been applied 
to stratify diabetes subtypes [29] and predict outcomes 
in acute leukemia and sepsis using laboratory data alone 
[30-32].

These models improve diagnostic precision and facilitate early 
detection and patient risk stratification, thereby providing 
clinically actionable insights that surpass the interpretive 
capacity of conventional laboratory reporting.
Furthermore, AI holds significant promise in point-of-care 
testing (POCT) by enabling decentralized diagnostics through 
image-based interpretation and smartphone-enabled tools, 
offering new opportunities to expand access to testing in remote 
and underserved settings [33, 34].
Despite these advances, the majority of models remain at early 
stages of clinical translation. Widespread implementation 
is constrained by limited multicenter validation, real-world 
testing, and the need for standardized reporting frameworks 
to ensure reproducibility and comparability [35, 36]. Many 
proposed applications remain at a conceptual or prototype 
stage, with limited demonstration of clinical utility in real-
world workflows. Moreover, several initiatives are restricted 
to isolated environments, lacking generalizability and 
standardization. These limitations must be addressed before 
AI can be safely and meaningfully integrated into routine 
laboratory practice. Nevertheless, laboratory medicine, with its 
structured and high-throughput data environment, represents 
an ideal setting for the continued integration of AI to support 
clinical decision-making, enhance quality assurance, and 
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advance personalized healthcare [2, 37, 38]. 
One example of successful clinical application within 
laboratory medicine is the use of machine learning models for 
sepsis detection based solely on hematological parameters, 
including complete blood count and monocyte distribution 
width. These models have undergone multicenter development 
and external validation, demonstrating performance comparable 
to more invasive and resource-intensive approaches [32]. 
Importantly, the integration of AI in laboratory medicine 
within low-resource settings remains particularly challenging. 
Barriers include inadequate digital infrastructure, lack of 
trained personnel, and limited access to validated tools. While 
AI-powered POCT solutions may offer opportunities to 
improve access, their success depends on affordability, local 
capacity-building, and strong governance mechanisms tailored 
to contextual realities.

Generative Artificial Intelligence in Laboratory Medicine
Beyond traditional machine learning, the adoption of 
generative AI and large language models (LLMs), such 
as ChatGPT, offers new possibilities in report generation, 
natural language explanation, and interactive clinical decision 
support. These systems can support interpretive comments in 
laboratory reports, enhancing communication with clinicians 
and improving the integration of laboratory findings into the 
broader clinical picture [39, 40].

One example involves the use of LLMs to predict 
hemoglobinopathies from CBC data, achieving up to 76% 
accuracy. However, these models showed limitations in 
handling negative cases and demonstrated a tendency for false 
positives, reinforcing the need for expert supervision [41]. 
Importantly, these models have shown a tendency toward 
elevated false-positive rates and inconsistent performance in 
handling negative or borderline cases, which may jeopardize 
clinical decision-making if left unchecked. Without robust 
validation, continuous performance tracking, and transparent 
reporting of error rates, the integration of generative AI into 
laboratory practice may pose significant risks rather than 
benefits [42]. Chatbots have also been tested on complex 
diagnostic scenarios, including recommendations on the utility 
of CK-MB in myocardial infarction, where they occasionally 
generate outdated or incomplete information, thus reinforcing 
the importance of human validation [43]. While generative AI 
can streamline documentation, extract structured information 
from unstructured reports, and support educational and research 
tasks, its current performance remains inconsistent in clinical 
environments where contextual understanding and nuanced 
reasoning are essential. For this reason, a cautious and critical 
integration into laboratory workflows is essential [44, 45]. 
Despite these constraints, supervised use of generative AI can 
improve text summarization, support structured data extraction 
from unstructured reports, and even assist in educational 
tasks such as generating questions or synthesizing scientific 

literature, potentially streamlining laboratory workflows, and 
fostering broader access to advanced data tools [46]. Moreover, 
LLMs can assist in generating standardized interpretive 
commentaries, simulating patient scenarios for training 
purposes, and flagging inconsistencies across multiple test 
results. These capabilities may enhance efficiency in high-
volume laboratories while offering scalable tools for settings 
with limited specialist access.

Tribulations: Ethical and Technical Challenges
The increasing reliance on AI systems in healthcare 
introduces a range of ethical, technical, and regulatory 
vulnerabilities that must be addressed to ensure responsible 
innovation [47]. Among the foremost concerns is the quality 
and representativeness of the data used to train AI models. 
Algorithms trained on biased, incomplete, or non-representative 
datasets may inadvertently amplify pre-existing healthcare 
disparities, thereby entrenching structural inequities and 
compromising the generalizability of clinical insights. This 
concern is particularly pronounced in real-world healthcare 
settings, where heterogeneity in data quality, inconsistencies in 
clinical documentation, and variable measurement standards 
complicate the development of robust, transferable AI models.
Recent updates to the Declaration of Helsinki (10th revision, 
October 2024) explicitly address these emerging ethical 
concerns in AI and big data research [48, 49]. The revised 
guidelines reaffirm core ethical principles while explicitly 
addressing emerging challenges in AI and big data research, 
including requirements for algorithmic transparency, data 
protection, and equitable technology deployment. Key updates 
include:

•	 Emphasis on data protection and AI ethics: Research 
involving AI must adhere to strict ethical, legal, and 
regulatory standards. Informed consent is required for the 
use of health-related big data, and compliance with data 
privacy laws is mandatory.

•	 Capacity building within ethical review boards: Ethics 
committees are now encouraged to include expertise in 
AI and machine learning to appropriately assess the risks 
and methodological soundness of studies involving these 
technologies.

•	 Commitment to equity: AI applications in healthcare 
must not exacerbate social or geographic inequalities. 
Researchers are urged to ensure algorithmic fairness and 
facilitate integration of AI tools into healthcare systems 
globally, including in low-resource settings.

•	 Transparency and bias monitoring: The Declaration 
highlights the need for ongoing surveillance of AI systems 
to detect hidden biases and prevent undue influence from 
commercial interests.

The increasing complexity of AI technologies underscores the 
urgent need for explainability to ensure transparency, trust, 
and safe clinical integration. Clinicians are often reluctant to 
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adopt systems whose decision-making processes are opaque or 
unverifiable. 
Explainability must operate at both the local level clarifying 
individual predictions, and the global level, illuminating 
overall model behavior. Without such clarity, trust in clinical 
implementation cannot be sustained. 
Crucially, the deployment of AI systems in healthcare must 
not compromise patient safety, which depends on sustained 
clinician oversight. AI output, particularly those derived 
from non-transparent models, can carry significant clinical 
consequences if misinterpreted or accepted uncritically. Thus, 
robust safeguards, including human-in-the-loop designs and 
clinical validation protocols, are essential to prevent harm and 
ensure accountability.
In a recent interdisciplinary “manifesto of open challenges” 
in explainable AI (XAI), Longo et al. identify 28 pressing 
research challenges grouped into nine thematic areas [50]. 
These encompass technical and conceptual aspects, including 
the need for interpretable generative models, collaborative 
learning frameworks, and clearer definitions of trust in XAI. 
The authors call for rigorous quantitative and qualitative 
evaluation of explanations to ensure they promote genuine 
understanding rather than superficial interpretability. The 
manifesto emphasizes the societal imperative of fostering 
human-centered AI systems that are not only technically 
sound but also aligned with principles of fairness, inclusivity, 
and democratic oversight. This entails shifting from mere 
interpretability to genuine epistemic transparency and user-
centered design.

In his recent reflections on AI, Pope Francis warns that 
technological advancement devoid of ethical guidance may 
foster a “throwaway culture” that subordinates human dignity 
to efficiency. In the Vatican’s Antiqua et Nova document, 
he advocates for an ‘epistemology of care’ that situates 
human dignity, social justice, and ethical responsibility as 
foundational elements in the development and deployment of 
AI technologies - particularly in healthcare, where algorithmic 
decisions bear direct implications for human well-being [6]. 
These principles are especially vital in healthcare, where 
decisions driven by algorithms must never eclipse the intrinsic 
value of each human life.
This ethical framework compels us to view AI not merely as a 
technical solution but as a social intervention - one that must 
reflect values of solidarity, transparency, and inclusivity. To 
that end, a “culture of encounter” is needed, fostering inclusive 
dialogue among technologists, clinicians, ethicists, and patients, 
and ensuring that the benefits of AI do not remain the privilege 
of the few but are extended universally. These principles were 
echoed in recent international policy discussions, including the 
Vatican’s statement at the G7 Summit (2024), emphasizing the 
dual promise and peril of AI [7]. While AI may democratize 
knowledge and automate arduous labor, it may also deepen 

social injustices and foster a culture of exclusion rather than 
inclusion.

Data privacy and accountability remain critical concerns. 
Health data are intrinsically sensitive, and their misuse, 
whether inadvertent or deliberate, can lead to serious ethical, 
legal, and reputational consequences. Many jurisdictions have 
yet to establish comprehensive frameworks for determining 
liability in cases of AI-related harm or data breaches.
Finally, the limited AI literacy among members of ethics 
committees and regulatory authorities constitutes a significant 
barrier to responsible governance. Targeted training and 
interdisciplinary collaboration are urgently required to equip 
regulatory bodies and ethics committees with the skills 
necessary to evaluate algorithmic systems, assess risks, and 
enforce compliance with evolving legal and ethical standards.

Governance and Regulation
A coherent governance model is urgently required to guide 
the safe and equitable integration of AI in healthcare. This 
includes the development of standards for algorithm validation, 
implementation, and post-market surveillance. Such a model 
must ensure not only technical robustness but also ethical 
alignment and societal trust. 
Key principles for effective AI governance include:

•	 Multistakeholder Involvement: Ensure inclusive 
participation of clinicians, laboratory professionals, data 
scientists, ethicists, patients, and regulatory authorities 
throughout the design, validation, and oversight phases of 
AI integration.

•	 Clinical Validation and Continuous Monitoring: 
Require thorough validation across diverse populations 
and enforce post-deployment surveillance to detect 
algorithm drift and performance degradation.

•	 Equity-Focused Regulation: Assess the societal impact 
of AI tools and mitigate risks of exacerbating health 
disparities, particularly in under-resourced settings.

•	 Transparency and Accountability: Mandate full 
disclosure of model architecture, training datasets, and 
decision-making processes to support auditability and 
clinician trust.

•	 Ethical Oversight: Align AI applications with bioethical 
principles and international declarations, including the 
revised 2024 Declaration of Helsinki and the Declaration 
of Taipei.

The revised 2024 Declaration of Helsinki, along with the 
Declaration of Taipei, underscores the need for consistent 
ethical oversight in AI-related research, particularly in the 
use of large health datasets [43]. However, divergent data 
governance regimes across jurisdictions, such as General 
Data Protection Regulation (GDPR) in the EU versus 
fragmented policies in the U.S., emphasize the urgent necessity 
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for harmonizing international legal and ethical standards, 
particularly in light of cross-border data use, divergent 
regulatory landscapes, and the global nature of AI innovation 
[51].
The European Union’s (EU) AI Act, finalized in early 2024, 
establishes a comprehensive risk-based framework that 
mandates transparency, human oversight, and third-party 
conformity assessment for high-risk AI systems in health [52]. 
It allows for real-world testing under strict conditions and 
encourages the use of regulatory sandboxes to safely innovate 
while protecting fundamental rights. The Act is expected 
to serve as a global benchmark, analogous to the GDPR in 
data protection. Its tiered approach, pre-market conformity 
assessments, and regulatory sandbox provisions aim to 
balance innovation with patient safety, offering a model for 
international cooperation. Nevertheless, without coordinated 
investment in capacity-building - particularly in low-resource 
settings - and without mechanisms to enforce cross-border 
accountability, these efforts risk reinforcing existing global 
inequities. Equitable AI governance must include training 
programs, infrastructure support, and shared oversight models 
that protect patient rights across jurisdictions, not only where 
technological leadership is concentrated.
At the institutional level, emerging models of AI governance 
emphasize the importance of continuous evaluation and 
adaptive oversight [53]. 
Moreover, the WHO has called for the establishment of binding 
international standards to ensure equitable AI deployment 
across healthcare systems. While current guidance remains 
largely aspirational, efforts are underway to reform the 
International Health Regulations (IHR) to include digital and 
AI health governance [1]. Until such frameworks are adopted 
globally, regional legislation such as the EU AI Act may serve 
as de facto blueprints for responsible innovation.

The Role of Laboratory Medicine Societies
Scientific societies in laboratory medicine are uniquely 
positioned to lead the responsible integration of AI into clinical 
practice. Their contributions should encompass:

•	 Knowledge Dissemination: Provide training and 
educational resources on AI fundamentals for laboratory 
professionals. Notably, the Italian Society of clinical 
chemistry and laboratory medicine (SIBioC) Working 
Group on Big data and Artificial Intelligence has recently 
launched two national training programs: “Understanding 
Generative AI and Its Applications” and “Introduction 
to Machine Learning in Laboratory Medicine” [54]. 
These initiatives reflect a broader commitment to 
professional capacity building and equitable technological 
adoption, especially in settings lacking dedicated data 
science support. Such initiatives are particularly critical 
for addressing disparities in access to AI training 
and infrastructure, which affect many professional 
communities in low- and middle-income countries. 

Strengthening international cooperation and resource-
sharing is essential to prevent technological exclusion and 
promote equitable capacity development.

•	 Interdisciplinary Collaboration: Foster dialogue 
between laboratory scientists, clinicians, data scientists, 
and engineers. The IFCC, through its Task Force on 
Ethics [55], has undertaken a timely and relevant survey 
investigating the real-time electronic disclosure of 
laboratory results in ambulatory settings. The survey, 
which closed on March 17, 2025, seeks to identify 
prevailing practices and ethical concerns, ultimately 
informing the development of international guidance to 
ensure transparency, patient autonomy, and responsible 
data sharing.

•	 Regulatory Advocacy and Ethical Oversight: Participate 
in national and international policymaking to ensure 
that laboratory-specific considerations are included 
in AI governance. The IFCC has also issued 15 key 
recommendations for the development of machine learning 
in laboratory medicine, with the first underscoring the 
imperative to “involve diverse stakeholders to develop 
clinically useful, practical, and ethical models” [56]. This 
principle captures the essence of ethical AI development: it 
must be inclusive, transparent, and continuously validated 
to remain trustworthy and clinically relevant. Ethics in AI 
is not only about minimizing bias but also about ensuring 
replicability, workflow integration, and patient-centered 
impact.

•	 In support of these principles, a recent publication in 
Clinical Chemistry emphasizes the need to go beyond 
initial model validation [57]. The authors call for 
comprehensive lifecycle oversight, including performance 
tracking in real-world settings and revalidation as clinical 
conditions evolve.

•	 Consensus Development and Infrastructure: Generate 
position papers, best practice guidelines, and frameworks 
for data quality and governance. The European Federation 
of Clinical Chemistry and Laboratory Medicine (EFLM) 
Working Group on Artificial Intelligence has made 
substantial contributions in this area, including a European 
survey that maps current AI adoption, identifies structural 
and educational barriers, and calls for targeted investment 
in infrastructure to support effective AI integration [37]. 
An additional contribution from the EFLM underscores 
the critical role of metadata and peridata in laboratory 
data management, offering a structured methodology 
to improve AI-driven applications through enhanced 
data standardization and interoperability [58]. Indeed, 
a thorough understanding of metadata and peridata - 
including analytical and biological sources of variation 
- enables the appropriate use of laboratory data along 
with its intrinsic “noise”, a form of uncertainty that only 
domain experts such as clinical laboratorians can correctly 
interpret and integrate into AI workflows to enhance 
robustness and contextual validity [36, 59].
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These collective efforts underscore the strategic and operational 
role of laboratory medicine societies in shaping an ethically 
sound, scientifically robust, and socially responsible future 
for AI in healthcare. By investing in education, governance, 
data quality, and international dialogue, these organizations 
ensure that the transformative potential of AI is directed toward 
improving patient care and advancing health equity.

Conclusion
Artificial intelligence offers unprecedented opportunities to 
reshape healthcare delivery, public health infrastructure, and 
laboratory medicine. However, realizing its full potential 
requires a deliberate and ethically grounded approach to 
its design, validation, and implementation. The promise of 
technical innovation must be matched by ethical vigilance, 
legal coherence, and inclusive governance that bridges diverse 
clinical contexts and global disparities. This imperative is 
especially acute in low-resource environments, where AI 
has the potential to either narrow or widen health inequities 
depending on how inclusively it is designed, validated, and 
deployed.
Laboratory medicine, with its structured data environment and 
central role in clinical decision-making, is uniquely positioned 
to lead this transformation. Professional societies, including 
IFCC, EFLM, and national organizations like SIBioC, 
are critical to this effort, advancing AI literacy, fostering 
interdisciplinary collaboration, and shaping international 
standards for responsible innovation.
As underscored in this manuscript, the challenges of data 
representativeness, explainability, and global regulatory 
fragmentation remain formidable. 
Yet they also present a pivotal opportunity: to develop a global 
framework grounded in accountability, transparency, and 
justice—ensuring that AI evolves as a catalyst for health equity 
rather than a vector of new disparities. Clinician oversight must 
remain central to all AI-enabled processes to ensure that safety, 
accountability, and clinical judgment are never subordinated to 
algorithmic convenience.
To translate these reflections into actionable guidance, the 
responsible integration of AI in laboratory medicine should rest 
on several key pillars: 
1. Rigorous model validation across diverse settings; 
2. Clinician oversight to safeguard patient safety; 
3. Equitable access to AI education and infrastructure; 
4. Alignment with evolving ethical and legal frameworks; 
5. Continuous performance monitoring and quality assurance. 
These principles should guide professional societies, 
developers, and policymakers alike as they shape the future of 
AI in healthcare. 
Pope Francis’s appeal for a “culture of encounter” reminds 
us that technological advancement must never eclipse human 
dignity. Rather, it must be anchored in solidarity, inclusion, and 
global cooperation. The future of AI in healthcare is therefore 
not merely a matter of technological advancement, it is a 

shared societal responsibility, entrusted to clinicians, scientists, 
regulators, and the communities they serve.
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