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ARTICLE INFO ABSTRACT

Article history: Artificial Intelligence (Al) is transforming medicine, providing unprecedented opportunities to enhance
Received 16 December 2025 diagnosis, prognosis, and treatment across all areas of hepatology. This Position Paper by the Italian As-
:\C];ﬁzﬁg 3n];/il§§2321(\]/1236rch 5026 sociation for the Study of the Liver (AISF) offers a comprehensive overview of the current and emerging

roles of Al in liver diseases, highlighting both its promise and its limitations. The document critically ex-
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Artificial Intelligence research settings, and reviews key applications in MASLD/MASH, alcohol-related liver disease, autoim-
Ethics mune and cholestatic liver diseases, viral hepatitis, drug-induced liver injury, hepatocellular carcinoma,
Hepatology cholangiocarcinoma, and liver transplantation.

Liver Particular emphasis is placed on data quality, algorithmic fairness, explainability, and reproducibility, as

well as on the necessity of robust external validation and adherence to international reporting stan-
dards (TRIPOD-AI, CONSORT-AI, DECIDE-Al, CHAMAI and others). The AISF advocates a responsible and
evidence-based adoption of Al through multidisciplinary collaboration, professional education, and pa-
tient engagement. This Position Paper outlines a national roadmap to align Al innovation with ethics,
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transparency, and equity, ensuring that Al becomes a genuine ally of hepatology and patient-centered

care.

© 2026 The Author(s). Published by Elsevier B.V. on behalf of Editrice Gastroenterologica Italiana S.r.l.
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1. General introduction

Artificial Intelligence (Al) has emerged as one of the most trans-
formative forces in modern hepatology, providing new tools for
disease prediction, diagnosis, prognosis, and personalized manage-
ment [1,2].

In hepatology, Al plays a dual role. First, it functions as a discov-
ery engine, identifying biomarkers, predicting fibrosis stages, and
integrating radiological and histological features for earlier diagno-
sis. Second, it can operate as a clinical decision-support system,
enhancing accuracy, reducing variability, and assisting in treatment
planning [3-6].

The World Health Organization (WHO) emphasizes that respon-
sible Al must remain human-centered, ensuring that ethical, le-
gal, and societal dimensions are integrated into technological de-
velopment [1]. Within this context, AISF (Associazione Italiana per
lo Studio del Fegato) encourages the adoption of Al that respects
patient rights and medical ethics. The EU Al Act (2025) classifies
medical Al as “high-risk,” mandating strict requirements, includ-
ing transparency, traceability, human oversight, and ongoing post-
market surveillance.

Nevertheless, while Al offers remarkable promise, its adoption
in hepatology reveals challenges. Bias, transparency, and trustwor-
thiness are central, as biased models can amplify pre-existing in-
equalities or propagate spurious associations [5,7,8]. In addition,
the introduction of Generative Al (GenAl) further expands possi-
bilities, enabling text and image synthesis, large-scale knowledge
extraction, and personalized patient interaction. Yet, its clinical re-
liability depends on future rigorous validation and domain-specific
regulation [6].

Given the scope, complexity, and rapid evolution of Al in
medicine, and in hepatology in particular, a position paper in this
field cannot be conceived as a narrowly prescriptive or highly op-
erational document. Moreover, the spectrum of Al applications is
highly heterogeneous. In this context, the AISF Position Paper has
been designed with a dual and complementary purpose. In partic-
ular, AISF briefly articulates a set of institutional statements that
define the principles, priorities, and conditions under which Al
should be developed, validated, and integrated into hepatological
practice.

Moreover, we provides a comprehensive and critical overview
of the current state of clinical and translational research on
Al in hepatology, highlighting both its achievements and its
limitations.

2. Algorithmic bias, fairness, and trust

The success of Al solutions in healthcare is often measured
by accuracy on a hold-out set drawn from the same population
used for model development (technically called internal valida-
tion). However, accuracy alone is often insufficient to demonstrate
the practical clinical usefulness of Al systems [9]. This is not solely
due to the limitations of accuracy as a performance measure but
more generally to the limits of so-called discrimination metrics (in-
cluding area-under-the-curve (AUC), sensitivity, positive predictive
value), which focus only on agreement with a given ground truth
while disregarding other relevant dimensions [10].
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Historically, performance evaluation of medical Al has been
dominated by accuracy and AUC metrics. However, these indi-
cators are insufficient for clinical decision-making, where safety,
reliability, and fairness are equally critical. Proper assessment
should consider five interrelated dimensions: calibration, robust-
ness and transportability, interpretability and explainability, fair-
ness, and trust calibration. In this section, we will briefly ex-
amine such dimensions, particularly relevant to the healthcare
domain.

Calibration: clinicians and healthcare personnel often need risk
estimates in order to support medical decision-making [11]. To this
aim, an Al system should not only provide a categorical support
(e.g., state that a certain condition is present or not) but also of-
fer an assessment of the probability of that same support (e.g.,
state that certain condition is present with a certain probability).
An Al system is calibrated if it provides reliable risk estimates:
formally speaking, calibration entails that if we consider all cases
in which an Al system estimates a x % risk for a given condi-
tion or outcome, exactly x % of cases present the desired con-
dition or outcome [12]. As discrimination metrics only focus on
matching with a given ground truth, they are not able to mea-
sure calibration: indeed, even a perfectly accurate Al can be highly
uncalibrated [13].

Transportability and Robustness: a critical limitation of inter-
nal validation is that it only evaluates the effectiveness of an Al
system on the same population it was developed on. This may crit-
ically limit the applicability of an Al system, as it may fail when its
use is translated to different settings, such as different hospitals,
countries, or even the same setting but at a different time [14].
Transportability refers to the capacity of an Al system to be applied
in different settings and scenarios while maintaining a satisfactory
level of performance. Similarly, robustness refers to the related no-
tion of an Al system being resistant to changes to its reference
population in terms of patients’ characteristics, data availability, or
related dimensions [10]. Evaluating robustness and transportability
is crucial to ensure reliability: standard practice is to accompany
internal validation with external validation, which consists in test-
ing an Al system’s accuracy on data completely separate from the
development set [7,12].

Interpretability and Explainability: Healthcare personnel often
need justifications and understandable evidence to support their
decision-making. Commonly employed modern Al systems, such
as deep learning (DL) or large language models (LLMs), are of-
ten impenetrable black boxes, which may limit their applicabil-
ity. Interpretability and explainability describe two distinct—but
complementary—approaches to making Al systems understandable
to human users [15]. Interpretability refers to methods that aim at
clarifying the internal working of an Al system, while, by contrast,
explainability refers to methods that aim at justifying the decisions
and predictions issued by an Al system. In both cases, one can dis-
tinguish between inherent methods for interpretability (also called
transparency) and explainability, which include white-box models
such as decision trees or linear models as well as causal mod-
els, and post-hoc methods, which aim at interpreting or explain-
ing a black-box model and include approaches such as surrogates
or local explanation methods such as feature importance methods
[16,17]. Evaluating interpretability and explainability is more com-
plex than other dimensions, as they are socio-technical properties
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requiring user-centered assessment of how well clinicians or per-
sonnel understand the system’s support [18].

Fairness: commonly adopted performance metrics aim at eval-
uating the effectiveness of an Al system at the population level.
Yet, such an evaluation can potentially hide discrimination or un-
fair treatment of different population sub-groups, wherein an Al
system may exhibit unequal performance on minority groups [19].
Such differences may be due to intrinsic population differences or
to systemic discrimination or bias in the development data. Fair-
ness refers to an Al system ability to avoid undue discrimination
[20]. Multiple ways exist to evaluate the fairness of an Al system,
which include accuracy-inspired metrics for group fairness, such
as demographic parity, predictive parity or equalized odds, cali-
bration metrics, similarity-based metrics for individual fairness, or
also causality-based metrics, which can bridge between individual
and group-level criteria [21].

Usability, Appropriate Reliance and Trust Calibration: With
the exception of explainability and interpretability, all described di-
mensions related either to data or to an Al system, separated from
the socio-technical setting in which the data and the Al them-
selves are embedded. The socio-technical dimensions of perfor-
mance concern the relation between an Al system and the orga-
nization they are embedded in, and are of critical importance. Us-
ability refers to how the Al system enables users to interact effec-
tively and satisfactorily to interact with the system, enabling user
appropriation through effective user interfaces and support, as well
as by clarifying its functioning and behavior [22]. Usability usually
manifests in terms of appropriate reliance, that is the users should
be able to discriminate when to accept and when to reject the sup-
port of an Al system [20,22,23].

3. The productivity paradox and the importance of reporting
guidelines for Al in healthcare

The transformative potential of Al in healthcare remains largely
unrealized, despite significant technological advances and sub-
stantial investments, a phenomenon exemplified by the well-
documented "productivity paradox" (PP) that has historically char-
acterized the adoption of general-purpose technologies [24]. The
PP highlights the slow and uneven realization of productivity gains
from revolutionary innovations, particularly in complex sectors
such as healthcare. Historically, technologies like computing and
digital connectivity have shown long delays between their intro-
duction and measurable productivity impacts arising not only from
technical limits but also from necessary complementary organiza-
tional, cultural, and workforce adaptations [24,25].

When applied to Al, this paradox emerges through four
main drivers including overly optimistic expectations, measure-
ment issues, concentration of benefits coupled with rent dis-
sipation and implementation lags due to workforce retraining
needs [26].

3.1. Healthcare-specific challenges

Within healthcare, the productivity paradox is particularly pro-
nounced due to regulatory constraints, market complexity, strin-
gent privacy requirements, and fragmented stakeholder landscapes
[25]. These factors have hindered the successful adoption of earlier
general-purpose technologies, such as Electronic Health Records
(EHRs) [25]. Despite large public investments (e.g., the HITECH Act)
[27], EHR productivity outcomes were disappointing, increasing
clinician workload and documentation burden [25,28-30]. This ex-
perience illustrates how misaligned incentives, poor user-centered
design, and insufficient organizational alignment can undermine
the productivity potential of innovation.
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3.2. Technical and methodological barriers to Al adoption

Beyond these systemic implementation challenges, Al adoption
in healthcare faces additional technical and methodological barri-
ers that reinforce the paradox and are centered around three in-
terconnected dimensions: reproducibility gaps, technological com-
plexity, and data quality.

A critical barrier in Al research is the issue of reproducibility
[31-33], which is pivotal for scientific validity and clinical trans-
lation. As underscored in a recent systematic review by Kolbinger
et al. [34], Al research in medicine suffers from significant variabil-
ity in reporting standards, which compromises transparency, com-
parability, and ultimately reproducibility. More, the reproducibility
crisis stems from Al's intrinsic non-determinism. Machine learning
(ML) models depend on stochastic optimization, random initializa-
tion, and hardware variability; even changing a single random seed
can double reported performance estimates [35]. DL trained with
stochastic gradient descent yield different parameters on each run,
making reproducibility dependent on precise documentation of nu-
merous hidden parameters and software versions [36,37]. These
challenges manifest across complexity dimensions encompassing
data model and learning [31-33].

Data quality remains a critical bottleneck for healthcare Al
Biomedical data are often heterogeneous, incomplete, biased, and
difficult to access due to privacy regulations [38,39]. These limita-
tions foster overfitting, poor generalizability, and data leakage, in-
flating reported performance and complicating validation. Integrat-
ing multimodal datasets from different sources requires complex
preprocessing, which can itself introduce variability and inconsis-
tency.

3.3. Generative Al-specific challenges

The rise of GenAl adds further complexity to the productiv-
ity paradox [40]. Unlike discriminative models, generative systems
produce novel outputs, raising concerns about accuracy, bias, and
accountability.

A Kkey issue is hallucination, where LLMs generate plausible
but factually incorrect statements with high confidence [41]. Since
these models predict words based on statistical patterns rather
than factual reasoning, hallucinations can cause dangerous misin-
formation about treatments, drug interactions, or diagnoses [41].

LLMs also inherit and amplify biases that reinforce healthcare
disparities [42,43]. Common manifestations include confirmation
bias, framing bias (where wording affects outcomes), and anchor-
ing bias (where initial impressions dominate reasoning) [44]. Ad-
dressing these issues requires techniques like Retrieval-Augmented
Generation (RAG) and Supervised Fine-Tuning (SFT) to align model
outputs with verified medical evidence [45-47].

Evaluation is further complicated because multiple valid an-
swers can exist for clinical queries, necessitating new assessment
frameworks sensitive to clinical nuance and patient safety [48].

3.4. Current solutions and reporting standards

To mitigate these challenges and narrow the productivity gap,
several reporting frameworks have been developed. TRIPOD-AI
(Transparent Reporting of a multivariable prediction model for In-
dividual Prognosis or Diagnosis - AI) and CONSORT-AI (Consoli-
dated Standards of Reporting Trials - Al) set methodological and
transparency standards for Al research. They require detailed de-
scriptions of data sources, preprocessing, model development, val-
idation, and performance metrics.

TRIPOD-AI emphasizes transparent reporting of model design
and validation, while CONSORT-AI extends similar requirements to
clinical trials using Al systems, ensuring clear disclosure of system
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Summary of key reporting guidelines for studies involving Artificial Intelligence (Al) in healthcare. Each checklist is categorized by its intended study phase, application

scope, primary reporting focus, target users, and Al-specific considerations.

Checklist

Scope of Use

Study Phase

Core Focus

Intended Users

Al-Specific Elements

TRIPOD-AI [49]

STARD-AI [50]

SPIRIT-AI [51]

CONSORT-AI [52]

DECIDE-AI [53]

CLAIM [54]

CHEERS-AI

CHART [55]

TRIPOD-LLM [56]

GAMER [57]

IJMEDI/CHAMAI
(58]

Prediction models
(diagnostic/prognostic)

Diagnostic accuracy
studies

Protocols for Al-based
trials

Results of clinical trials
with Al

Early-phase clinical
implementation

Al in medical imaging

Health economic
evaluations of Al
interventions

Chatbot Health Advice
studies

LLM studies in
biomedical
applications

All types of medical
research (literature
reviews, clinical trials,
observational studies)

Quality assessment of
Medical AI/ML studies

Model development &
validation

In silico or
retrospective analysis

Trial planning

Post-intervention
reporting

First real-world use
(live)

Model development &
testing

Economic modeling
phase

Performance
evaluation of
generative Al-driven
chatbots

Model development,
tuning, prompt
engineering, and
evaluation

All research phases
(study design, data
collection, analysis,
manuscript writing)

All CRISP-DM phases
(problem understand-
ing — deployment)

Comprehensive
documentation of
Al-driven prediction
tools

Transparent reporting
of diagnostic test
performance

Ensures
methodological rigor
before clinical testing
Clear and complete
documentation of trial
findings

Evaluation of usability,
feasibility, and user-Al
dynamics
Standardized reporting
for reproducibility and
transparency

Transparent and
standardized reporting
of economic
evaluations of Al-based
health technologies
Transparent reporting
of studies evaluating
chatbots for clinical
evidence and health
advice

Comprehensive
reporting of LLM-based
research across the
model lifecycle

Transparent disclosure
of Generative Al use
across entire research
process

Methodological rigor,
reproducibility, data
quality, validation,
reporting standards

Model developers,
biostatisticians, journal
editors

Clinician-scientists,
diagnostic developers

Trialists, regulatory
reviewers, funding
bodies

Trial authors, peer
reviewers, guideline
developers
Implementation
researchers, human
factors experts
Imaging researchers,
radiologists, ML
engineers

Health economists,
decision makers,
journal editors

Clinicians, researchers,
editors, peer
reviewers, and readers

Academic/industry
researchers, journal
editors, peer
reviewers, other
stakeholders

Authors, reviewers,
journal editors

Authors, reviewers,
journal editors, Al
developers in
healthcare

Addresses handling of
structured/unstructured data,
model explainability, fairness,
calibration, reproducibility

Covers ground truth definition,
data leakage risk, model bias, and
Al-specific test characteristics
Requires pre-specification of Al
interaction, data input/output
logic, and usability plans

Includes description of Al system
behavior, human-Al interaction,
and error analysis

Focuses on human-Al interaction,
assisted performance, and iterative
design-feedback loops
Recommends detailed reporting of
data provenance, annotation,
internal/external testing, imaging
protocols

Al technique specification, user
autonomy assessment, Al learning
over time, development/validation
details, implementation costs,
Al-specific uncertainty

Model identification, prompt
engineering details, query strategy,
chatbot-specific performance
evaluation, ground truth definition

Modular framework, transparency
throughout model lifecycle,
human oversight requirements,
task-specific performance metrics,
prompt engineering details, living
document approach

Focus on tool declaration,
specifications, prompting
techniques, verification methods,
data privacy, and impact
assessment

Data variability, handling missing
data, imbalance, ground truth
reliability, validation
(internal/external), interpretability,
fairness, bias, carbon footprint,
code/data sharing, deployment
readiness

Abbreviations: TRIPOD-AI/LLM: Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis Or Diagnosis Artificial Intelligence/Large Language Mod-
els; STARD: Standards for Reporting of Diagnostic Accuracy Studies; SPIRT: Standard Protocol Items: Recommendations for Interventional Trials; CONSORT: Consolidated
Standards of Reporting Trials; DECIDE: Developmental and Exploratory Clinical Investigations of Decision Support Systems Driven by Artificial Intelligence; CLAIM: Checklist
for Artificial Intelligence in Medical Imaging; CHEERS: Consolidated Health Economic Evaluation Reporting Standards; CHART: Chatbot Assessment Reporting Tool; GAMER:
Generative Artificial intelligence tools in MEdical Research; JMEDI/CHAMAI Checklist for Healthcare Assessment of Medical Artificial Intelligence.

functionality and evaluation criteria. These frameworks, when rig-
orously applied, standardize reporting, enhance transparency, and
support reproducibility (see Table 1 for checklist examples).

New extensions address generative Al challenges: TRIPOD-LLM
adapts, emphasizing transparency, human oversight, and task-
specific performance, while CHART (Chatbot Assessment Reporting
Tool) provides guidelines for evaluating Al-driven healthcare chat-
bots. However, adherence remains inconsistent, revealing a signifi-
cant implementation gap between theoretical standards and actual
practice [34].

4. Ethical considerations
Al can transform healthcare by enhancing research, prevention,

diagnosis, treatment, and resource allocation. Its adoption, how-
ever, must go beyond efficiency and follow the WHO’s principles
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for responsible Al: autonomy, safety, transparency, accountability,
equity, and sustainability [1,3]. These principles acquire real value
only when fully implemented in research, clinical practice, and pa-
tient experience.

A central ethical concern is the transformation of the medical
profession. As physicians rely more on Al for diagnostic and ther-
apeutic decisions, there is a risk of diminished professional com-
petence and moral judgment. Excessive dependence on algorithms
may lead to “moral de-skilling”, weakening clinical authority and
eroding patient trust [4]. Yet this shift may also offer opportuni-
ties: by delegating technical or repetitive tasks to Al, clinicians can
devote more time to holistic care, reinforcing the human and ethi-
cal dimensions of medicine.

Patients, increasingly involved through data sharing and con-
tinuous monitoring, become more active in prevention and per-
sonalized care. However, this evolution may generate pressures to-
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ward self-management and behavioral conformity. Moreover, med-
ical data are shaped by social inequalities; underrepresentation
or inconsistent coding can embed discriminatory patterns into Al
models, thereby reproducing inequities [5]. Ethical Al development
must confront these risks by ensuring fairness, privacy, and respect
for individual rights.

Trust is fundamental to responsible Al. Authentic trust requires
understanding rather than passive reliance. Because Al often oper-
ates as a “black box,” clinicians need competencies to interpret and
explain algorithmic outputs, while patients must be empowered to
question decisions and exercise autonomy. Public healthcare sys-
tems are essential in promoting equity, education, and shared lit-
eracy.

Ultimately, Al ethics in medicine must transition from abstract
principles to practical implementation. Safeguarding autonomy, en-
suring transparency, fostering accountability, promoting inclusive-
ness, and pursuing sustainability must guide the entire Al life
cycle—from design to validation and clinical deployment—and be
incorporated into medical training and patient education. Only by
reinforcing these human capacities can Al enhance, rather than un-
dermine, the ethical foundations of medicine: professional respon-
sibility, patient autonomy, and mutual trust [6].

5. Al and clinical education

A fundamental barrier to the integration of Al in hepatology
is the persistent gap between technological innovation and clini-
cian preparedness. While Al methods have advanced rapidly, the
ability of healthcare professionals to interpret, validate, and com-
municate algorithmic outputs has not progressed at the same
pace [59,60]. As highlighted by Topol, “without a strong foun-
dation in data science and critical thinking, physicians risk be-
coming mere ’clickers’ rather than true interpreters of clinical
context” [59].

This disparity risks creating a “two-speed” medicine, in which
data scientists build models detached from clinical reality, while
clinicians struggle to understand and trust their implications.

5.1. Al literacy and professional development

Al literacy, the capacity to comprehend, evaluate, and appropri-
ately apply Al outputs, should become a core competency for hep-
atologists. Training must extend beyond technical familiarity to in-
clude understanding of uncertainty, bias, and the epistemic limits
of Al-generated knowledge [40,41].

Medical curricula should integrate foundational data science, al-
gorithmic reasoning, and ethics, emphasizing interpretive respon-
sibility rather than computational proficiency. Clinicians must re-
main critical interpreters of data-driven insights, not passive recip-
ients of algorithmic output.

5.2. The role of the third sector and patient associations

Patient organizations and civil society actors, including associa-
tions operating within the Third Sector, can play a decisive role in
promoting transparency, education, and co-design of Al tools. Their
participation ensures that innovation remains aligned with pa-
tients’ values and societal expectations. Collaborative frameworks
such as EUPATI (European Patients’ Academy on Therapeutic Inno-
vation) demonstrate that shared learning between clinicians, pa-
tients, and researchers fosters accountability, inclusivity, and trust
[61,62]. National programmatic documents, including the “Piano
Nazionale della Prevenzione” and the Guidelines for the Implemen-
tation of Digital Health, explicitly emphasize the role of associa-
tions in promoting digital literacy in healthcare [62].
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5.3. Human-AlI collaboration and workflow integration

Human-AI collaboration requires a paradigm shift: Al sys-
tems must be integrated into clinical workflows as decision-
support companions rather than autonomous actors. The prin-
ciple of human-in-the-loop ensures continuous human validation
of algorithmic outputs, preserving medical judgment and patient-
centered care [22,63,64].

To foster appropriate reliance, Al interfaces should communi-
cate confidence levels, calibration information, and model uncer-
tainty. Visual explanation tools can enhance situational awareness,
allowing clinicians to weigh algorithmic input against contextual
factors [65,66].

Automation  bias—where clinicians over-trust machine
suggestions—must be mitigated through organizational safeguards,
transparent model documentation, and iterative user training.
Conversely, underutilization due to skepticism can deprive patients
of beneficial innovation. Thus, successful integration depends on
“trust calibration”, balancing human expertise with computational
intelligence.

In light of this, AISF could take the lead in promoting a struc-
tured alliance with representatives of the third sector for the co-
design of educational and informative programs, thus contributing
to the conscious dissemination of Al in clinical practice and the
construction of a trust-based and co-responsible ecosystem among
institutions, clinicians, and citizens.

6. AISF position statements and key principles on Al in
hepatology

Recognizing all mentioned Al-linked issues, AISF emphasizes
the importance of key recommendations for the application of Al
approaches in hepatology (Box 1).

7. Selected application of Al in hepatology

Al has demonstrated tangible potential across nearly all do-
mains of hepatology, from non-invasive diagnosis to transplant
management.

7.1. Role of Al in MASLD/MASH

The rising global prevalence of metabolic dysfunction-
associated steatotic liver disease (MASLD), now affecting ap-
proximately 38 % of the population, has intensified the clinical
demand for precise, scalable diagnostic and management strategies
[67].

Al technologies, especially ML, DL and neural networks, are
increasingly used to address current limitations in MASLD diag-
nosis and prognostic evaluation. This trend is reflected in the
sharp rise in related research: between 2020 and 2025, the num-
ber of studies applying Al to MASLD grew over 11-fold compared
to earlier years (https://pubmed.ncbi.nlm.nih.gov/?term=artificial-+
intelligence-=NAFLD&sort=date, Pubmed accessed on 24/07/2025).

Indeed, encouraging results in identifying MASLD and its
progressive stages, including fibrosis and metabolic dysfunction-
associated steatohepatitis (MASH), were obtained by leveraging
molecular omics data, structured clinical information, and imag-
ing. For instance, recent studies have applied ML to public liver
transcriptome datasets and histological images from liver biopsy to
identify key prognostic signatures, yielding good performance [68-
71]. However, despite promising outcomes, the identified genes or
histological patterns may vary across datasets and techniques, re-
quiring cautious interpretation and external validation.

When applied to clinical data and instrumental analyses, super-
vised ML algorithms have shown superior accuracy in detecting
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Box 1
AISF position statements on Artificial Intelligence in hepatology.
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Box 1. AISF Position Statements and Key Principles

AISF recognizes Al as a strategic enabling technology for the future of hepatology, with the potential to improve diagnostic accuracy,

prognostic stratification, and care personalization.

AISF considers data quality, standardization, and interoperability to be critical national priorities for enabling safe and effective Al in
hepatology and supports the development of shared, harmonized data infrastructures.

AISF encourages the development of shared multimodal data repositories, including clinical, biochemical, imaging, histological, and omics
data, to advance scientific research and enable robust, reproducible, and generalizable artificial intelligence applications in hepatology.
AISF identifies prospective, multicenter, and real-world clinical studies as a strategic research priority to validate Al systems and translate
them from experimental tools into safe and effective components of routine liver care.

AISF supports the principle that Al models used in hepatology must be evaluated not only for discrimination performance (e.g., AUC,
sensitivity), but also for calibration, robustness, transportability, fairness, and explainability.

AISF considers transparency in data provenance, preprocessing pipelines, model architecture, and validation procedures a prerequisite for

scientific credibility and clinical translation of Al systems.

AISF supports the principle of human-in-the-loop decision-making, whereby Al must function as a clinical decision-support tool and never as a

fully autonomous decision maker in hepatology.

AISF states that appropriate reliance and trust calibration should be explicit design goals of Al systems, requiring interfaces that communicate

uncertainty, confidence, and limitations to clinicians and patients.

AISF recognizes algorithmic bias as a major threat to equity in liver care and recommends that all Al models be systematically evaluated for
differential performance across sex, age, ethnicity, and relevant clinical subgroups.
AISF affirms that no Al system intended for clinical use in hepatology should be adopted without robust external validation across

independent populations and healthcare settings.

AISF recognizes Generative Al as a promising yet high-risk class of technologies and supports their use in hepatology only when combined
with domain-specific knowledge sources, retrieval-based systems, and human oversight.
AISF supports the incorporation of Al literacy, data science principles, and ethical reasoning into the education and continuous professional

development of hepatologists.

AISF encourages multidisciplinary collaboration between clinicians, researchers, data scientists, engineers, computer scientists, roboticists,
ethicists, and patient representatives throughout the entire lifecycle of Al systems, from design to clinical implementation.
AISF recognizes patient organizations and Third Sector actors as essential partners in the co-design, evaluation, and responsible dissemination

of Al-based tools in hepatology.

AISF supports the alignment of Al development and deployment in hepatology with European and national regulatory frameworks, including

the EU Artificial Intelligence Act and the Italian digital health strategy.

hepatic steatosis and MASH, incorporating routine demographic,
clinical, and laboratory parameters (including age, sex, serum liver
enzymes, glucose). In same case, these models outperformed con-
ventional non-invasive tests and risk scores, such as APRI and FIB-4
[72,73].

Concerning medical imaging, convolutional neural networks
(CNNs) have been applied to ultrasound, magnetic resonance (MR)
imaging and computed tomography (CT) scans to automate the
quantification of hepatic steatosis and fibrosis, while minimizing
the inter-variability (i.e. different instruments or protocols) [74-
77].

Large Language Models (LLMs) are emerging tools in
MASLD/MASH management, offering support in guideline in-
terpretation, clinical reporting, and patient communication. Early
studies show that LLMs, especially when combined with retrieval-
augmented generation, can provide clinically relevant outputs and
approximate the performance of some non-invasive assessments
[78]. Broader reviews confirm their potential for disease stratifica-
tion and monitoring, although robust validation, domain-specific
fine-tuning, and high-quality datasets remain essential to ensure
reliability, safety, and real-world applicability [79].

Importantly, the multimodal integration of clinical, biological,
and imaging data is essential for comprehensive disease charac-
terization, and Al offers the capability to effectively perform such
integration, as also shown by recent efforts on MASLD-related ad-
verse outcomes [80].

Despite such encouraging results, many published studies ap-
plying Al to MASLD still exhibit substantial limitations that restrict
the generalizability and clinical applicability of their findings.

One major challenge lies in the variability in data collec-
tion methods, diagnostic criteria, and annotation standards, which
prevents comparison or harmonization among studies pursuing
similar objectives [2]. Moreover, most models were developed
and tested within single-center or retrospective cohorts, lack-
ing external validation across diverse populations and clinical
settings.
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Model interpretability, particularly critical for DL-based models,
essential for the successful clinical integration of Al tools [81]. Un-
derstanding how predictions are generated, which variables influ-
ence them, and how to optimize models for real-world use is cru-
cial [82].

7.2. Applications of Al in autoimmune and cholestatic liver diseases

Autoimmune and cholestatic liver diseases, including autoim-
mune hepatitis (AIH), primary biliary cholangitis (PBC), and pri-
mary sclerosing cholangitis (PSC), remain difficult to manage due
to overlapping features, variable progression, and limited reliable
biomarkers. Al can address these challenges by introducing stan-
dardized, quantitative, and integrative approaches across histology,
imaging, and clinical data.

Whole slide imaging combined with DL is reshaping liver
histopathology. In AIH, the AI(H) model showed high accuracy in
identifying portal inflammation and necroinflammation [83]. Quan-
titative histological analyses also have prognostic value: in pedi-
atric autoimmune liver disease, fibrosis burden correlates with bil-
iary involvement and adverse outcomes [84]. Beyond slide-level
classification, DL enables disease discrimination. Gerussi et al. [85]
demonstrated that whole slide image-based models could differ-
entiate AIH from PBC without manual annotations. The HOTSPoT
pipeline offers an open-source, robust framework for segmenting
portal tracts and fibrosis in liver biopsies [86]. This approach can
be extended to future studies of autoimmune liver diseases. Col-
lectively, these tools enhance diagnostic precision, reduce inter-
observer variability, and generate quantitative biomarkers beyond
traditional histology. enhancing accuracy, prognostic stratification,
and individualized monitoring in PSC. Radiomics and DL applied to
MR and MRCP are rapidly advancing the field of PSC, where accu-
rate imaging is central for diagnosis and monitoring. The DeePSC
model achieved robust performance in automated PSC diagnosis
[87]. Quantitative MRCP-derived scores predict medium-term out-
comes [88], while composite indices integrating imaging features
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Fig. 1. Overview of main Al applications in HCC versus CCA.

correlate strongly with prognosis [89]. Quantitative MRCP metrics
are also associated with disease severity and clinical outcomes, fur-
ther underscoring their prognostic value [90]. Al-driven MRI analy-
sis has enabled accurate early detection of perihilar cholangiocarci-
noma in PSC patients [91]. Together, these approaches provide re-
producible, non-invasive biomarkers of fibrosis, inflammation, and
malignancy risk. By enhancing diagnostic accuracy and prognostic
stratification, they can improve monitoring strategies and support
more individualized treatment planning in PSC.

Large language models (LLMs) extend Al applications to clini-
cal reporting and decision support. Daza et al. [92] compared four
chatbots in autoimmune liver disease, revealing variability in ac-
curacy but supporting their potential in patient engagement and
triage. Colapietro et al. evaluated ChatGPT-4 in AIH, showing it
could provide relevant insights but required domain-specific adap-
tation to avoid hallucinations [93]. Emerging multimodal systems
link digital pathology, imaging, and serological data, enabling LLMs
to generate standardized reports or answer clinician queries in nat-
ural language. Such applications remain early-stage, and dedicated
clinical agents are still needed.

7.3. Role of Al in viral hepatitis

Chronic viral hepatitis B and C pose a major public health
challenge due to their potential to progress to cirrhosis and in-
crease HCC risk [3,94]. Despite effective antiviral therapies and
widespread HBV vaccination-strategies that have markedly im-
proved prognosis-important challenges remain in screening, risk
stratification, and personalized management [3,94]. In this context,
Al is emerging as a valuable tool, capable of integrating and ana-
lyzing large volumes of clinical, biochemical, histological, and radi-
ological data [40,95].

When it comes to screening, Al is proving useful in optimiz-
ing processes for identifying individuals with undiagnosed chronic
viral infection. The Spanish Intelligen-C strategy, an Al-based de-
cision support system combining retrospective data analysis and
an automated screening process for hospitalized or emergency pa-
tients, proved effective in increasing detection of HCV-RNA-positive
individuals [96]. Moreover, Obaido et al. explored ML approaches
to support HBV diagnosis. Using demographic and clinical records
from the UC Irvine ML Repository, researchers applied a Shapley
Additive exPlanations (SHAP)-based analysis to evaluate multiple
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classifiers. Among them, the AdaBoost model achieved the best
performance, reaching 92 % accuracy in predicting HBV status [97].

Several ML models have been developed in recent years with
regard to risk stratification, particularly with the aim of predict-
ing the development of HCC in patients with chronic viral hepati-
tis [95]. In a large cohort study conducted in Hong Kong, Wong
et al. developed and validated ML models useful to predict the risk
of HCC in patients with chronic hepatitis B and/or C [98]. These
models were trained using clinical and biochemical data from over
120,000 individuals. Among the tested algorithms, ridge regression
and random forest models exhibited superior performance in com-
parison to conventional HCC risk scores, achieving AUROC values
of 0.844 and 0.837, respectively [98].

Recent advances in large language models (LLMs) have cre-
ated new opportunities for supporting clinical decision-making
[40]. Giuffre et al. evaluated OpenAl's GPT-4 Turbo in recom-
mending direct-acting antiviral (DAA) regimens and answering
open-ended questions about HCV management [99]. They tested
retrieval-augmented generation (RAG) and supervised fine-tuning
(SFT) using the 2020 EASL HCV guidelines as external knowl-
edge or fine-tuning data. Retrieval strategies incorporating broader
contextual information significantly improved model performance.
Models with RAG showed greater accuracy (up to 91.7 %) and clar-
ity (91.7 %) than baseline GPT-4 Turbo (36.6 % accuracy, 46.6 % clar-
ity). Similarly, SFT-enhanced GPT-4 achieved 71.7 % accuracy and
88.3 % clarity [99]. These findings highlight the potential of LLMs,
particularly when enriched with domain-specific expertise, to as-
sist clinicians in customizing antiviral therapy, ensuring adherence
to protocols, and improving care consistency. Though preliminary,
such tools are expected to become increasingly relevant in individ-
ualized viral hepatitis management.

7.4. Role of Al in drug-induced liver hepatitis

Drug-induced liver injury (DILI) is a complex and potentially se-
vere adverse reaction to drugs, herbal products, or dietary supple-
ments that can mimic the clinical presentation of other liver dis-
eases. In severe cases, DILI may progress to acute liver failure [100].
However, the lack of distinct diagnostic biomarkers still hinders
its diagnosis. Given the related public health risks, new method-
ologies are needed to improve DILI management [101]. Thanks to
electronic health records, larger datasets are increasingly available,
highlighting the potential of Al for risk stratification and prognos-
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tic evaluation of DILI [102]. However, Al use in this setting remains
limited.

In terms of risk stratification, several Al-based models have
been developed in recent years using clinical, biochemical, ge-
nomic, or molecular data. A DL model capable of distinguishing
DILI at a genomic level was also generated [103]. Trained on gene
expression data from DILI-positive and -negative samples obtained
from public datasets, the algorithm showed excellent predictive
performance, with 97.1 % accuracy, 97.4 % sensitivity, and an AUC of
0.989 [103]. Furthermore, Yu et al. explored salivary metabolomics
as a non-invasive diagnostic tool for DILI [104]. After identifying
differentially expressed metabolites in DILI patients versus healthy
controls, they applied machine ML build predictive models. This
approach identified five salivary metabolites that distinguished DILI
patients from controls, with AUC values ranging from 0.733 to 1.00
[104].

In the context of prognostic evaluation, a study based on data
from the Spanish DILI Registry used a bootstrap-enhanced least
absolute shrinkage operator (Bolasso) to select variables, followed
by multivariable logistic regression to predict poor outcomes in
912 patients experiencing their first episode of idiosyncratic DILI
[105]. The resulting model incorporated prior drug allergies, R-
ratio-based pattern of liver injury, female sex, AST, total bilirubin,
and platelet count. It exhibited excellent predictive performance,
with an AUC of 0.887 in the Spanish DILI Registry and 0.932 upon
external validation in the LATINDILI Network for predicting liver-
related death or transplantation [105].

The potential application of Natural Language Processing (NLP)
in the context of DILI has also recently been explored, particularly
to support the assessment of causality in DILI through by auto-
matically classifying regulatory documents and scientific literature
[106,107]. However, although promising, the evidence is still pre-
liminary and requires further development.

7.5. Role of Al in alcoholic liver disease

Alcoholic liver disease (ALD) is a leading global cause of mor-
bidity and mortality, encompassing conditions from simple steato-
sis to alcoholic hepatitis, cirrhosis, and acute-on-chronic liver
failure [108]. In Italy, its prevalence is notably high at 16.1 %,
the highest among the European countries assessed [109]. Pre-
vention strategies span multiple levels: reducing alcohol con-
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sumption in the general population (primary prevention), pre-
venting progression in those with early-stage ALD (secondary
prevention), and minimizing complications and mortality in ad-
vanced stages such as cirrhosis or alcohol-related hepatitis (tertiary
prevention).

Al-based approaches may offer significant potential to revo-
lutionize the clinical management of ALD, enabling more sensi-
tive, non-invasive, and personalized methods for detection and
monitoring, while also supporting timely interventions to enhance
patient outcomes [110]. A psychosocial model predicting post-
transplant harmful alcohol use showed strong internal perfor-
mance (AUC = 0.930) but declined markedly on external validation
(AUC = 0.692), underscoring limitations with subjective data [111].
Mezzacappa et al. [112] identified proteomic ML panels in 596 sub-
jects (360 biopsied) that accurately detected fibrosis (AUC = 0.92)
and inflammation (AUC = 0.87), also predicting clinical outcomes
(C-index = 0.90; 0.79). A global study across 23 centers showed
ML models predicting 30-day mortality (AUC = 0.811) and 90-day
mortality (AUC = 0.799), outperforming traditional scores [113],
though broader validation remains necessary.

Al models integrating clinical and omics data show strong di-
agnostic and prognostic potential as non-invasive alternatives, but
evidence remains preliminary, with limited validation and ethical
concerns requiring broader multicenter standardization before clin-
ical adoption.

7.6. Al in hepatic tumors: current applications in hepatocellular
carcinoma and cholangiocarcinoma

Al, encompassing ML, DL, and radiomics, is reshaping the diag-
nosis and management of hepatic tumors, particularly hepatocellu-
lar carcinoma (HCC) and cholangiocarcinoma (CCA). Al applications
span early detection, characterization, prognostication, pathology,
and prediction of treatment response.

Radiomics pipelines extract quantitative descriptors from CT
and MRI to aid detection, characterization, and staging of HCC
and CCA. Meta-analyses show that CT-based Al/radiomics achieves
moderate pooled accuracy, while MRI-based radiomics demon-
strates promising but heterogeneous results requiring standardiza-
tion and external validation [114-116]. DL has also enabled auto-
mated LI-RADS classification and lesion segmentation, improving
the diagnostic workflow [117].
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Whole-slide image (WSI) analysis has emerged as a powerful Al
application. Multi-instance learning models can predict microvas-
cular invasion (MVI), a crucial prognostic feature in HCC, directly
from hematoxylin and eosin slides with high accuracy. These mod-
els provide interpretable heatmaps and may reduce inter-observer
variability [118,119]. Imaging-based Al surrogates of MVI also show
potential to guide surgical and transplant strategies [120,121].

Al models integrating imaging and clinical data predict out-
comes such as overall survival, recurrence-free survival, and re-
sponse to locoregional therapies (e.g., surgical ablation, TACE, ra-
dioembolization). A systematic review reported pooled AUROCs
above 0.80, supporting their clinical value while stressing the need
for multi-center, prospective validation [122]. These models may
allow individualized treatment allocation and closer follow-up for
high-risk patients.

In CCA, Al is being applied to differential diagnosis (distin-
guishing intrahepatic CCA from HCC), lymph-node metastasis pre-
diction, tumor grading, genomic surrogate prediction, and prog-
nosis. Radiomics-based models have been shown to outperform
clinical-feature-only models for intrahepatic CCA detection and to
predict microvascular invasion, mutational status, and recurrence
[123,124]. Nevertheless, methodological quality remains limited,
with insufficient external validation and retrospective study de-
signs [125].

Despite strong performance metrics, barriers to clinical trans-
lation remain. Data heterogeneity, lack of standardization, limited
reproducibility, and inconsistent adherence to reporting standards
actually prevent clinical implementation. Prospective, multicenter
studies with harmonized acquisition protocols, robust external val-
idation, and explainable Al frameworks will be essential to achieve
clinical adoption in the field of HCC and CCA (Fig. 1).

7.7. Role of Al in transplant medicine

Al has long influenced transplantation, showing strong potential
in pre- and post-liver transplant care. By analyzing vast datasets,
it uncovers hidden relationships among demographic, clinical, ge-
netic, and imaging variables that traditional methods often miss
[126,127].

It is well recognized that the demand for liver transplanta-
tion continues to expand with advanced aging of donor and re-
cipient, recipient complex comorbidities and new indications such
as early transplantation for severe acute alcohol-related hepatitis
acute on chronic liver failure, MASLD/MASH, and transplant oncol-
ogy [114,115].

Transplant decision-making faces significant challenges, includ-
ing the risk of delaying surgery beyond the optimal window, which
can lead to futile transplantation.

A semi-structured interview study with 53 multidisciplinary
liver transplant providers was applied. At the end, 6 themes were
raised to be important identified six priorities for the design of fair
Al-based clinical decision support for liver transplant listing deci-
sions:

1) transparency in the creators behind the Al

2) understanding how the Al uses data to support recommenda-
tions.

3) acknowledgement that Al could mitigate emotions and biases.

4) Al as a member of the transplant team, not a replacement.

5) identifying patient resource needs.

6) including the patient’s role.

When the multidisciplinary liver transplant providers were
asked about their perception about Al-based clinical decision, they
reported they would feel more comfortable if the tool was made
by academic institutions, suggested playing an active part in the
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development of the tool early and concluded that they were cau-
tiously optimistic about the potential for Al to improve clinical out-
comes for patients [128].

Although the use of Al in transplant medicine raises justified
concerns, it plays a crucial role in refining donor-recipient eval-
uation through detailed, data-driven analyses. One of the most
promising areas involves the histological assessment of donated or-
gans [122].

In Italy, hepatologists and pathologists from the University of
Padua and Oxford University are leading the PNRR project “Bring-
ing Medicine Digitalization into the Italian Solid Organ Transplant
Network” The initiative applies ML to integrate donor and re-
cipient data—including anthropometric parameters, laboratory re-
sults, graft histology, and surgical variables such as ischemia time—
to predict post-transplant outcomes (graft and patient survival,
complications). The integration by convolutional neural networks
(CNNs) of histologic, biochemical, and clinical data supports accu-
rate outcome prediction.

One of the earliest studies by the Bologna group and collabo-
rators showed that artificial neural networks outperformed MELD
scores in predicting mortality among patients with end-stage liver
disease [129]. Nearly two decades later, Al has been integrated into
the Gender-Equity Model for Liver Allocation (GEMA-AI) to im-
prove waiting list prioritization. Using the same variables as ex-
isting models, GEMA-AI outperformed GEMA-Na, MELD 3.0, and
MELD-Na, showing greater benefits for women. Its nonlinear de-
sign reclassified about 6 % of patients within 90 days, potentially
preventing one death per 59 candidates [130].

Could Al assist in liver allocation? This is a topic to be ap-
proached with caution. Currently, the ethics in the field of Al and
transplant remain unexplored, and the view of the public unknown
[131].

Liver transplant allocation is highly complex, influenced by
donor and recipient characteristics, disease etiology, comorbidities,
and socio-ethical factors, often leading to non-uniform prioritiza-
tion across centers.

7.8. Future directions and recommendations

In healthcare, a coordinated strategy is required for addressing
both technical and systemic barriers. This includes greater trans-
parency in training and validation processes, open data and code
sharing, and access to computational resources to enable indepen-
dent verification.

Authorities should establish flexible, risk-based rules ensuring
patient safety, ethical integrity, and transparency while fostering
innovation. Policies promoting data interoperability, standardized
reporting, and incentives for compliance with guidelines can im-
prove reproducibility and accelerate real-world implementation.

In summary, resolving the productivity paradox demands
a multifaceted approach: enforcing standardized methodologies,
strengthening reproducibility, improving data quality, fostering or-
ganizational adaptation, and modernizing regulatory oversight.
Without these complementary transformations, Al's promise of
enhanced productivity, clinical outcomes, and efficiency will re-
main largely theoretical. Conversely, through transparent, repro-
ducible, and ethically grounded Al integration, healthcare can
achieve meaningful gains in both productivity and patient care.

8. Conclusion

Al in Hepatology may enhance diagnostic and therapeutic ac-
curacy while allowing clinicians to devote more time to relational
and empathetic aspects of care. By automating repetitive tasks
and improving the management of chronic conditions, Al can opti-
mize resources and reduce medical errors (Fig. 2). Its effective in-
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tegration, however, requires ethical safeguards, transparency, and
continuous professional training to ensure responsible, safe, and
patient-centered use.
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