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ARTICLE INFO ABSTRACT

Keywords: In recent years, artificial intelligence (AI) has made significant strides, gaining traction across various domains,
Artificial intelligence including clinical medicine. The integration of Al as a decision-support tool introduces complexities, particularly
CNP

in ensuring patient safety and upholding clinical accountability. This is especially pertinent in clinical neuro-
physiology (CNP), where AI shows promise in enhancing the interpretation of neurophysiologic data from
modalities such as electroencephalography, electromyography, and others. Recognizing the potential and
inherent challenges of Al integration, the International Federation of Clinical Neurophysiology (IFCN) has set
forth guidelines to steer the responsible development, evaluation, and application of AI technologies in CNP.

The IFCN’s core position on Al in CNP emphasizes improving healthcare outcomes, prioritizing patient-
centered care, maintaining transparency in Al-generated interpretations, and supporting, rather than replac-
ing, clinical expertise. As Al technology evolves, the IFCN stresses that models implemented in clinical practice,
especially when lacking supervision by experts must meet stringent standards for accuracy, safety, and quality
control, and that AI cannot substitute expert care without adequate oversight.

The successful integration of AI in CNP hinges on dataset diversity, transparent and ethical training practices,
and balancing model complexity with real-world validation. Continuous performance monitoring and clinician
feedback are vital to maintaining Al system reliability over time.

The IFCN envisions a future where Al ethically enhances CNP practice through multidisciplinary collabora-
tion, focusing on patient safety, clinical integrity, and scientific rigor. Properly implemented, Al can revolu-
tionize CNP by offering real-time decision support, personalized interventions, and remote monitoring, thus
advancing the quality of care in CNP.

EEG
EMG
Position statement

* Corresponding author at: Department of Neurology, Duke University Medical Center, Box 2720, 2424 Erwin Road, Suite 1001, Durham, NC 27710, USA.
E-mail address: Aatif.-husain@duke.edu (A.M. Husain).

https://doi.org/10.1016/j.clinph.2026.2111893

Accepted 14 April 2026

Available online 16 April 2026

1388-2457/Published by Elsevier B.V. on behalf of International Federation of Clinical Neurophysiology. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


https://orcid.org/0000-0001-7954-1755
https://orcid.org/0000-0001-7954-1755
https://orcid.org/0000-0002-6035-6581
https://orcid.org/0000-0002-6035-6581
https://orcid.org/0000-0001-5591-6022
https://orcid.org/0000-0001-5591-6022
https://orcid.org/0000-0002-8041-6377
https://orcid.org/0000-0002-8041-6377
https://orcid.org/0000-0003-3310-4386
https://orcid.org/0000-0003-3310-4386
https://orcid.org/0000-0003-0031-7692
https://orcid.org/0000-0003-0031-7692
https://orcid.org/0000-0001-8495-9769
https://orcid.org/0000-0001-8495-9769
https://orcid.org/0000-0003-2929-0390
https://orcid.org/0000-0003-2929-0390
mailto:Aatif.husain@duke.edu
www.sciencedirect.com/science/journal/13882457
https://www.elsevier.com/locate/clinph
https://doi.org/10.1016/j.clinph.2026.2111893
https://doi.org/10.1016/j.clinph.2026.2111893
http://crossmark.crossref.org/dialog/?doi=10.1016/j.clinph.2026.2111893&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

A.M. Husain et al.

1. Introduction

In recent years, rapid advances in computational methods broadly
categorized as artificial intelligence (AI) have led to the widespread
adoption of systems capable of performing tasks traditionally reserved
for human expertise. These technologies are increasingly embedded in
daily life and across a range of professional domains, including clinical
medicine. Applications of Al are already being deployed at scale, often
without full consideration of their broader clinical, ethical, and legal
implications.

In medicine, the integration of Al as a decision-support tool in-
troduces new complexities. Overreliance on these systems without suf-
ficient oversight risks compromising patient safety and raises pressing
ethical concerns about clinical accountability (Ethics and Governance of
Artificial Intelligence for Health, 2021; Series and Academy, 2025).
These challenges are particularly relevant to the field of clinical
neurophysiology (CNP), where AI holds clear promise for enhancing
signal and image interpretation, including in modalities such as elec-
troencephalography (EEG), electromyography (EMG) and nerve con-
duction studies (NCS), evoked potentials (EPs), polysomnography
(PSG), neurophysiologic intraoperative monitoring (NIOM), neuro-
muscular ultrasound, and magnetoencephalography. Beyond data
analysis, Al may also support triaging referrals, examination planning,
creation of differential diagnoses by integrating neurophysiological data
with other clinical information, and generation of CNP test reports.

In CNP, several Al applications are already integrated into routine
practice. Some commercial EEG systems incorporate Al-based assess-
ments, and PSG platforms routinely employ automated sleep staging and
respiratory event detection algorithms. In contrast, other AI de-
velopments, such as predictive models for epilepsy surgery outcomes or
Al-based assessment of sleep architecture to assist in identifying patterns
suggestive of specific sleep disorders, remain largely investigational and
have not yet achieved widespread clinical validation or regulatory
integration (Jehi, 2023; Stephansen et al., 2018).

The International Federation of Clinical Neurophysiology (IFCN)
acknowledges the urgent need for principles to guide the integration of
Al technologies into CNP in a manner that prioritizes patient safety,
enhances diagnostic accuracy, and supports professional practice. These
principles must clearly define clinical responsibility and ensure that
patient welfare remains paramount. Given the pace at which Al is
advancing and its growing use in bedside decision-making, it is imper-
ative for the CNP community to articulate shared principles for the safe
development, evaluation, and integration of Al in routine clinical care.

To this end, the IFCN convened a multidisciplinary taskforce
comprising experts in Al development, neurophysiologists with exper-
tise in biological signal interpretation, and representatives from the
medical technology industry. This group was tasked with drafting a
position statement to guide the responsible development, evaluation,
and implementation of Al tools in CNP. The core principles were
developed through a structured expert consensus process that included
an initial in-person meeting to define key themes and priorities, fol-
lowed by a series of virtual meetings and iterative draft revisions. Draft
documents were circulated among taskforce members for comment and
refinement until consensus was reached. The final version was reviewed
and formally approved by the IFCN Executive Committee.

2. Background

Al systems transform large volumes of neurophysiologic data into
probabilities or recommendations useful to clinicians. At one end of the
spectrum are explicitly programmed, rule-based systems such as
manually crafted decision trees; every conclusion can be traced to an
“if-then” rule, making these systems transparent and pedagogically
valuable (Husain, 2025). More flexible, classical machine-learning
models—k-nearest-neighbor classifiers, Bayesian networks, shallow
decision trees and related methods—learn patterns from labelled or
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unlabeled data instead of relying on pre-written rules. Their perfor-
mance scales with the amount and quality of curated training examples,
which in CNP means extensive expert annotations (Nilsson, 2010). At
the more complex end lie deep-learning models built from multilayer
neural networks. These networks ingest raw waveforms or images and
automatically extract hierarchical features, often discovering clinically
relevant patterns beyond human perception. Their power, however,
often comes with reduced interpretability (Burkart and Huber, 2021).

Bringing an AI model into clinical practice is a cyclic, multidisci-
plinary endeavor (Fig. 1). It begins with rigorous data collection and
ground-truth definition, where high-quality recordings, metadata and
expert labels are assembled. Developers then train candidate models,
perform internal validation, and document the intended use and tech-
nical specifications. Before clinical deployment, the model must un-
dergo external benchmarking against human experts, assessment of
safety, bias, and generalizability, and—where applicable—regulatory
scrutiny under frameworks such as the Food and Drug Administration’s
(FDA) Software as a Medical Device (SaMD) guidance. Once an
approved system enters daily workflow, real-world performance, and
clinician-AI disagreements must be monitored, audited, and fed back to
developers under a formal change-management plan, allowing the al-
gorithm to evolve while preserving safety and traceability. Only by
attending to every stage of this lifecycle, and by balancing algorithmic
power with transparency, can Al augment rather than obscure clinical
judgement and improve neurophysiological care.

3. Core position

The IFCN recognizes the transformative potential of Al in CNP and its
broader implications for healthcare. Within this field, Al is expected to
significantly impact clinical practice, research, and education. Al-
assisted tools are already being incorporated into clinical workflows,
including automated EEG pattern recognition, EMG analysis, PSG
scoring, and structured report generation. Advanced Al-driven analyses
of these data are enabling the identification of patterns and biomarkers
not readily discernible through conventional visual inspection. As these
technologies become more integrated into clinical workflows, they are
likely to influence training paradigms and competency expectations for
the next generation of clinical neurophysiologists (Husain, 2025).

The core stance of the IFCN on the application of Al is as follows:

Al should serve to improve healthcare outcomes. Its primary purpose
in CNP must be to enhance patient care, in alignment with the IFCN’s
vision: “To improve healthcare worldwide by understanding the
nervous system and optimizing the diagnosis and treatment of its
disorders through CNP.”

Integration of AI must prioritize patients. The implementation of Al
must consider the needs and perspectives of all stakeholders, most
importantly patients, by ensuring equitable access to Al-enabled

r Collect Data j

I Deployment | | Develop Al |

L R

Fig. 1. The cyclic nature of developing an artificial intelligence system.
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diagnostics and maintaining a strong focus on patient safety and
well-being.

Al-generated interpretations must be clearly labeled. Transparency is
essential. All Al-assisted outputs should be explicitly identified as
such to promote clear communication among clinicians, patients,
and payors, thereby fostering trust and accountability.

Al should support—not replace—clinical expertise. In its current
state, Al is best used to augment the expertise of clinical neuro-
physiologists or physician familiar with the interpretation of CNP
tests by improving diagnostic accuracy, efficiency, and accessibility.
Autonomous interpretation of neurophysiological studies by Al
without supervision from a clinical neurophysiologist or physician
qualified to interpret CNP tests is not currently recommended.
Future autonomous Al must meet the highest standards. As Al sys-
tems evolve, some applications may achieve sufficient performance
for unsupervised use. However, these systems must adhere to the
most rigorous standards for accuracy, safety, transparency, and
quality control.

Al is not a substitute for expert care in resource-limited settings. The
lack of access to clinical neurophysiologists in certain regions does
not justify the use of unsupervised Al-based care, and remote su-
pervision of Al should be considered in these instances. High stan-
dards for AI applications must be upheld globally.

Al research must follow evidence-based standards. Studies reporting
on the development and validation of Al applications must conform
to rigorous scientific standards and follow Standards for Reporting of
Diagnostic Accuracy (STARD) and other similar guidelines for
reporting diagnostic accuracy.

. Training AI models

Training AI models in CNP requires creativity, innovation, and

multidisciplinary expertise. The IFCN does not endorse specific regula-
tory requirements for training practices. Given the diversity of effective
training approaches, the IFCN advocates for models to be judged pri-
marily by their demonstrated performance in robust and comprehensive
validation processes. The key elements of training Al models are out-
lined below.

4.1. Dataset diversity

General training datasets are most effective when they include broad
demographic, clinical, and international diversity, accounting for
variability in age, sex, ethnicity, and disease type and severity.
Representative datasets also reflect differences in data acquisition
practices, such as the skill levels of recording personnel, environ-
mental noise, and clinical contexts (e.g., EEGs in outpatients, epi-
lepsy monitoring units, intensive care units).

4.2. Specialized datasets

For models targeting specific clinical scenarios, performance and
generalizability are enhanced when the training data captures
maximal variability within the defined clinical context.

Clearly defining the intended scope of use for specialized models is
essential to prevent inappropriate application by end users.

4.3. Transparency and ethical considerations

Transparent documentation of training methods and dataset char-
acteristics supports critical evaluation of biases and limitations,
fostering trust and appropriate clinical use.

Ethical training practices should include proactive efforts to ensure
representation from historically disadvantaged or underrepresented
patient populations.
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4.4. Balancing data Quality, dataset Size, and model complexity

e The IFCN recognizes that effective Al performance may result from
diverse training strategies. While some models benefit from large,
heterogeneous datasets, others may rely on sophisticated techniques
to compensate for limited data.

There is no one-size-fits-all approach; thus, training practices should
remain flexible. The ultimate measure of success is strong validation
performance, particularly under challenging or “corner-case” con-
ditions, such as rare pathologies, atypical patient populations, un-
usual signal artifacts, extreme age groups, or recordings obtained
under nonstandard technical conditions, where model performance
may degrade.

4.5. Practices likely to enhance model robustness

Balancing training datasets across key demographic and clinical
variables reduces the risk of bias toward specific subgroups.

Strict separation of training and testing datasets is critical to avoid
biased performance estimates. Training procedures must exclude test
data from all model development processes, including feature se-
lection and hyperparameter tuning.

Certain data augmentation techniques, such as flipping EEG channels
left-to-right, have been shown to enhance model robustness. How-
ever, introducing artificial noise that lacks physiological realism may
not improve model generalizability.

e Models trained to exceed individual human performance, by tar-
geting objective clinical outcomes or consensus-based annotations,
tend to achieve higher clinical utility. For instance, Al models diag-
nosing carpal tunnel syndrome may be more effective when trained
using NCS results or majority expert consensus rather than individual
assessments alone.

4.6. International collaboration

e The IFCN strongly encourages international, multicenter collabora-
tions to develop and share large, standardized, and representative
datasets with expert consensus annotations. These collaborative ef-
forts are essential to improving the robustness, generalizability, and
clinical relevance of Al models in CNP.

5. Validating AI models

Safely integrating Al into clinical practice requires rigorous, struc-
tured validation that ensures not only technical accuracy, but also
generalizability, robustness, and interpretability. Inadequate validation
can lead to misdiagnosis, clinician mistrust, and diminished credibility
of Al tools, ultimately harming patient care. To mitigate these risks,
validation must be systematic and comprehensive, with meaningful
collaboration among algorithm developers, clinicians, regulatory
bodies, and patients. The key elements of rigorous validation are out-
lined below. Whenever possible, standard reporting guidelines should
be followed when publishing validation studies (Ewen et al., 2025).

5.1. Representative data

e As discussed above, representative datasets that reflect the
complexity and diversity of real-world CNP practice are essential
before validation begins.

e Using representative datasets helps ensure fairness, uncovers algo-
rithmic limitations, and improves generalizability across varied pa-
tient populations.



A.M. Husain et al.

5.2. Structured validation framework

e Validation should progress in a structured, hierarchical manner from
internal testing to progressively broader external assessments (de
Hond et al., 2023)(Fig. 2):

Internal validation confirms consistent, reproducible performance
within the development dataset using methods such as internal cross-
validation, including nested cross-validation for model selection and
hyperparameter tuning. This step is critical for algorithm develop-
ment but insufficient alone for clinical deployment.
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model’s probability outputs (such as the area under the receiver
operating characteristic curve, area under the precision-recall curve,
sensitivity at a given false positive rate, and false detection rate at a
given sensitivity level); and threshold-based metrics, which are
calculated after applying a specific cutoff to the model’s probability
output to make a binary (yes/no) decision (including sensitivity,
specificity [1 — false positive rate], F1 score, diagnostic odds ratio,
and positive and negative predictive values).Criteria for acceptable
performance must be clearly enumerated prior to validation, and
these criteria must be related to the clinical requirements for the

External validation demonstrates generalization beyond the training algorithm’s intended use case.
data and must be blinded to the reference standard (He and Su,
2023). The model architecture and parameters should be pre-
specified before testing. Subtypes include:

o Holdout Validation: Uses data from patients independent of model
development.

o Prospective Validation: Assesses model stability over time within the
same institution, considering shifts in clinical practice, populations,
and equipment.

o Geographical Validation: Tests performance across different in-
stitutions, systems, equipment types, or regions, ideally through
multicenter or leave-one-site-out studies.

o Domain Validation: Ensures reliability in different clinical domains
(e.g., EEGs performed in pediatric versus adult patients, epilepsy
monitoring units (EMU) versus intensive care units (ICU)). Clear
documentation of scope is essential to prevent inappropriate use in
an unvalidated domain.

o Edge Case Validation: Validates models on rare or anomalous clinical

scenarios using stress testing or perturbation analysis to ensure

robustness in real-world use.

5.5. Interpretability vs. Explainability

e Clinicians trust hinges on understanding how AI models generate
results. Inherently interpretable models, such as decision trees,
sparse linear models, or “this-looks-like-that” frameworks, are
preferred for high-stakes CNP applications (Rudin, 2019). This fa-
cilitates identifying model biases, logic verification, and trouble-
shooting in clinical settings.

Post-hoc “explanations” of black-box models are often incomplete
and may be misleading, representing only approximations of the
model’s true reasoning. This inherent limitation can lead to false
confidence in model outputs, potentially obscuring biases or errors.
e Inherently interpretable models align more closely with IFCN’s

principles of safety, transparency, and accountability.

5.6. Robustness under Real-World conditions

e Al tools must perform reliably even in suboptimal conditions, such as
noisy EEG recordings, missing clinical data, or unexpected patient
presentations.

e Systematic robustness testing, including stress testing and pertur-
bation analyses, helps identify vulnerabilities before clinical
deployment, ensuring dependable bedside performance (Chen et al.,
2024; Erdemir et al., 2021).

5.3. Reference standard

e The choice of reference standard (or “gold standard”) must be
explicitly justified and aligned with established best practices for the
model’s context of use.

5.4. Performance metrics

5.7. Domain-Specific validation in CNP modalities

e Validation metrics must reflect real-world clinical objectives rather

than technical accuracy alone. Overreliance on common metrics like

accuracy or area under the receiver operating characteristic curve
can be misleading, particularly in imbalanced datasets.

e Multiple clinically meaningful metrics should be assessed. These can

be grouped into two categories: global metrics, which evaluate the

e Each CNP modality introduces unique challenges that require
tailored validation strategies.

o EEG: Models must distinguish normal from abnormal recordings and
classify abnormalities into the major categories (epileptiform versus
non-epileptiform, focal versus generalized), across varied contexts

Goal: Validate training procedure
Methods: Bootstrap, internal cross-validation
Stakeholders: Developers

INTERNAL VALIDATION

Goal: Check generalizability in held-out data
Methods: Validation on independent held-out testing data
Stakeholders: Local clinical end-users

HOLDOUT VALIDATION

Goal: Check generalizability in real-world use
Methods: Validation on new incoming data
Stakeholders: Local clinical end-users

PROSPECTIVE VALIDATION

Goal: Check generalizability across institutions/countries
Methods: Validation using data from new sites
Stakeholders: Clinical end-users from new geographic sites

GEOGRAPHIC VALIDATION

External validation
|

Goal: Check generalizability across clinical domains
Methods: Validation using data from new domains
Stakeholders: Clinical end-users from new clinical settings

DOMAIN VALIDATION

Goal: Check generalizability across rare conditions
Methods: Validation with data from difficult or rare cases
Stakeholders: End-users in specialized clinical settings

EDGE CASE VALIDATION

Fig. 2. Structured framework for validation of AI algorithms.
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(routine labs, EMUs, ICUs, and point-of-care devices with limited
channels.

e EMG/NCS: Requires validation in real-time clinical workflows to
ensure usability and relevance.

e EP, NIOM, and Neuromuscular Ultrasound: Require validation pro-
tocols specific to the specialized equipment and clinical scenarios in
which they are used.

e These tailored approaches ensure smooth clinical integration, pro-
mote user confidence, and reduce disruption to workflow.

5.8. Clinical trials and regulatory Compliance

e Structured clinical trials and regulatory approvals (e.g., FDA, Euro-
pean Medical Device Regulation (CE-mark)) provide vital assurances
of safety, efficacy, and clinical utility. These processes build trust
among clinicians, patients, payors, and regulators, and are essential
before broad clinical adoption.

5.9. Continuous monitoring and re-validation

e Validation must be ongoing rather than a one-time event, given
constant changes in clinical practices, technology, and patient
demographics.

¢ Continuous performance monitoring, clinician feedback, periodic re-
validation, and retraining with evolving datasets are necessary to
ensure long-term reliability and relevance.

5.10. Ethical considerations

e Ethical validation requires fairness and transparency, minimizing
biases by using diverse patient datasets for training and validation.

e Transparent reporting of validation methods, datasets, and outcomes
upholds IFCN values, ensuring equitable and safe patient care.

6. Benefits of Al in CNP

Al has demonstrated significant potential to enhance diagnostic ac-
curacy, efficiency, and accessibility in multiple domains of CNP.

6.1. Epilepsy and EEG

In epilepsy, Al algorithms can analyze EEG data in real time to detect
seizures with high accuracy (Knight et al., 2024). As a foundational step,
Al has been used successfully to remove artifacts, filter noise, and
identify clean signal segments to optimize performance. A core strength
of Al in EEG interpretation lies in pattern recognition, such as differ-
entiating epileptiform activity, localizing abnormalities, and diagnosing
encephalopathies. These tasks are often complex, even for epilepsy
specialists, yet AI systems have shown performance comparable to
expert-level interpretation (Tveit et al., 2023).

6.2. Neuromuscular disorders and EMG

In the neuromuscular domain, ML models can assist in identifying
neuropathic or myopathic patterns, reduce inter-rater variability in
motor unit potential analysis, and enhance quantitative EMG interpre-
tation (Tannemaat et al., 2023). Al-driven EMG and NCS platforms can
support diagnostic decision-making and even help predict prognoses
(Martinez-Thompson et al., 2025). By leveraging multichannel re-
cordings, Al can detect correlations and subtle anomalies that might be
overlooked by human interpreters. Additionally, Al-powered systems
can streamline routine clinical tasks, such as report generation and data
entry, improving workflow efficiency and accelerating patient care,
particularly in emergency or high-volume settings.
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6.3. Sleep disorders and PSG

Al has also been applied to PSG for the diagnosis of sleep disorders.
Automated classification of sleep stages continues to improve diagnostic
accuracy for conditions such as sleep apnea and narcolepsy, while
substantially reducing the time required for manual scoring. This en-
hances clinical efficiency and throughput. However, currently there is a
lack of Al models that can be used in detecting common sleep disorders
like insomnia, circadian rhythm disorders, restless legs syndrome and
others (Alattar et al., 2024). An emerging area involves Al-driven sleep
analysis via smartphones, although diagnostic value is currently limited
without concurrent EEG data (Browne et al., 2024).

6.4. Other Aspects of CNP

One of the most promising frontiers for Al in CNP is its role in brain-
computer interfaces (BCIs) and neuroprosthetics. These applications
utilize neural signals from EEG, electrocorticography (ECoG), or intra-
cortical recordings to control assistive devices. BCIs may enable not only
motor control of robotic limbs but also translation of brain signals into
speech (Derosiere et al., 2025; Duraivel et al., 2023; Rahman et al.,
2024). In addition, BCIs are advancing neuromodulation strategies,
including closed-loop neuromodulation, which monitors real-time brain
activity to dynamically adjust stimulation parameters for improved
therapeutic outcomes (Zrenner and Ziemann, 2024).

Non-invasive and wearable Al-integrated devices are expanding ac-
cess to neurophysiologic monitoring and personalized treatment. These
wearables are increasingly used for seizure detection, sleep evaluation,
remote monitoring, and even home-based interventions such as trans-
cranial direct current stimulation (Antal et al., 2022). By offering
continuous, real-time data collection and feedback, these tools hold
promise for long-term condition management outside traditional clinical
environments.

7. Challenges and safety concerns

While the potential value of Al in clinical neurophysiology (CNP) is
widely recognized, its successful integration into clinical practice re-
quires addressing several challenges, including regulatory consider-
ations, safety, and system-level barriers.

7.1. Regulatory, ethical, and legal considerations

The integration of Al-assisted technologies into CNP must align with
existing regulatory requirements (e.g., FDA, EMA) and data protection
laws (e.g., European General Data Protection Regulation). The first step
in regulatory approval is specifying the Al tool's clinical purpose, func-
tionality, and target population (Au Yeung et al., 2023). Ethical con-
siderations, including informed patient consent, data security, and the
role of Al in clinical decision-making, must also be addressed.

One area of ongoing ambiguity is medical liability (Cestonaro et al.,
2023). The degree of legal responsibility often depends on the autonomy
of the Al system. In cases involving fully autonomous Al, liability may
fall under vicarious liability principles, where institutions or employers
could be held accountable. Conversely, with Al-assisted systems, lia-
bility may rest with clinicians under the “learned intermediary” doc-
trine, as they are responsible for reviewing and validating Al-generated
outputs before acting upon them.

To foster trust and promote safe implementation, collaboration be-
tween all stakeholders, patients, healthcare providers, Al developers,
and regulators, should begin early in the development process and
continue through deployment. Such collaboration ensures patient au-
tonomy is respected, robust cybersecurity safeguards are established,
and consensus is achieved around accountability and liability in clinical
use (Gerke et al., 2020; Mesko, 2017).
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7.2. Data quality and potential for bias

As discussed above, developing effective Al tools in CNP requires
extensive training and validation datasets. The quality and representa-
tiveness of these datasets remain critical concerns. Bias may be intro-
duced when datasets fail to reflect the diversity of local patient
populations, clinical practices, or diagnostic protocols, an issue partic-
ularly pressing in resource-limited settings (Adamson and Smith, 2018).
Ways to mitigate these risks have been discussed already. Additionally,
active engagement with the global neurophysiology community to
define practice standards across various populations is necessary.

7.3. Interoperability and transparency

Healthcare providers are the primary end-users of Al in CNP, and
their ability to implement and trust Al tools depends heavily on inte-
gration and usability. One key challenge is the lack of standardized data
formats and system interoperability. Existing health IT infrastructure
may require substantial upgrades to accommodate Al tools, posing
logistical and financial challenges, particularly in under-resourced set-
tings. Early involvement of IT, clinical, and administrative stakeholders
can help identify infrastructure needs and feasible solutions.

8. Implementation strategy

The integration of Al in CNP practice marks a significant shift in how
neurophysiological data are analyzed, interpreted, and applied to pa-
tient care. While the potential advantages are clear, the success of Al in
clinical environments depends heavily on thoughtful implementation,
ongoing validation, and sustained investment in clinician training and
infrastructure.

8.1. Training, clinical judgment, and the human element

CNP has traditionally relied on expert visual interpretation and
experiential learning. Al introduces opportunities for faster analysis and
collaboration, enabling more timely diagnoses and greater operational
efficiency. However, to realize these benefits, clinicians and trainees
must fully understand AI’s capabilities and limitations. It is critical to
balance the use of Al with continued emphasis on hands-on training (Au
Yeung et al., 2023).

While Al can assist in pattern recognition and data analysis, it cannot
replace the practical experience needed to interpret subtle findings or
navigate complex clinical scenarios. Clinical judgment remains funda-
mental. As Al becomes increasingly embedded in practice, there may be
pressure to reduce training time or adjust educational standards
(Daniello and Weber, 2018; Haneef et al., 2017; Samano et al., 2018).
This must be resisted. Robust clinical training is essential to ensure the
next generation of clinical neurophysiologists can independently vali-
date AI outputs and manage cases where Al fails to provide adequate
answers. Maintaining high training standards is not optional; it is a
safeguard for clinical quality and patient safety (He et al., 2019; Merhi,
2023).

8.2. Ongoing quality control and model validation

Al algorithms must undergo continuous quality assurance and per-
formance monitoring, particularly when retrained with new data. Even
minor changes to training datasets or model architecture can introduce
bias or class imbalances that degrade performance (Gichoya et al.,
2023). Validation is especially important when acquisition hardware
changes or software updates are introduced (Feng et al., 2022).

Routine, periodic validation testing ensures that Al tools maintain
clinically acceptable accuracy and reliability throughout their lifecycle
(Myllyaho et al., 2021; Siebert et al., 2022; Studer et al., 2021). This
includes confirming that performance metrics remain stable, clinically
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relevant, and aligned with the tool’s intended use. Without this ongoing
scrutiny, Al tools risk drifting away from their original validated per-
formance, potentially compromising patient outcomes.

8.3. Demonstrating value to stakeholders

Al has the potential to reduce costs and streamline workflows, but for
widespread adoption, its value must be clearly demonstrated. Health
systems and payors must see evidence that Al improves outcomes, fa-
cilitates earlier diagnosis, or meaningfully reduces clinician burden.
Transparent documentation of when and how AI is used in the diag-
nostic, interpretive, or reporting process is essential for informed
decision-making and accountability.

Clear labeling of Al contributions in clinical workflows helps clini-
cians, patients, and insurers understand the role Al plays and builds trust
in the system. As Al adoption grows, this transparency will be vital to
gaining regulatory approval and reimbursement in diverse healthcare
systems.

8.4. Reimbursement and regulatory integration

Several countries have begun to incorporate Al-based tools into
healthcare regulatory and reimbursement frameworks (Intelligence and
Learning, 2025; U.S. Department of Health and Human Services: Stra-
tegic Plan for the Use of Artificial Intelligence in Health, Human Ser-
vices, and Public Health, U.S. 2025; van Kolfschooten and van Oirschot,
2024; Muehlematter et al., 2021). However, widespread clinical adop-
tion still lags in many specialties.

8.5. Collaboration with industry

In the United States adoption of medical Al tools in most use cases
has been concentrated in imaging-related areas such as coronary artery
disease, diabetic retinopathy, atherosclerosis, liver MRI (Wu et al.,
2024). This concentration is largely due to two factors. First, Al-enabled
imaging devices allow seamless, trustworthy integration, where data
acquisition, analysis, and output all occur within the same system.
Second, integrating Al into medical devices at a level acceptable to
regulators requires extensive resources, which are typically only avail-
able to commercial manufacturers. These investments are justified in
high-burden public health areas like diabetes and cardiovascular disease
but are more difficult to support for lower-volume fields.

The effective implementation of Al in CNP must involve close part-
nership with industry. Academic researchers alone may lack the ca-
pacity to bring Al tools through the full regulatory pipeline or to embed
them into commercial-grade devices. By working with medical device
manufacturers, developers can achieve the level of integration and
quality assurance needed to satisfy regulatory standards and deliver
clinical impact at scale.

Successful deployment of AI in CNP will depend on thoughtful
implementation strategies that include strong clinical oversight, robust
validation processes, transparent communication with stakeholders, and
strategic collaboration with industry partners.

9. Conclusion

The integration of Al into CNP is a transformative development with
the potential to improve diagnostic accuracy, increase efficiency, and
expand access to specialized care. As this transformation unfolds, the
IFCN emphasizes that the successful adoption of Al must be grounded in
patient safety, clinical integrity, and scientific rigor. Robust training and
validation processes, appropriately representative data, ongoing over-
sight, and clinician-centered implementation are critical to ensuring that
Al complements, rather than compromises, the quality of care.

Al may enable novel developments in CNP including real-time de-
cision support, personalized therapeutic interventions, brain-computer
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interfaces, and remote monitoring. Realizing this future will require
continued collaboration among clinicians, researchers, industry part-
ners, and regulatory bodies. The IFCN envisions a future where Al is
ethically integrated, globally equitable, and continually refined through
multidisciplinary collaboration. With robust oversight, shared stan-
dards, and a focus on patient-centered outcomes, Al can help advance
CNP into a new era, where technology and human judgment work in
partnership to deliver high-quality care.
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