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A Pathway for Integrating Artificial Intelligence for Neonatal
Neuromonitoring: From Code to Crib Side

Pawel Kulakowski, PhD', Ana Alarcén, MD, PhD?*, Tamara Skoric, PhD*, Silvia Seoni, PhD>, Mark 0’Sullivan, PhD®,
and John M. 0'Toole, PhD"*®

ffective brain monitoring is fundamental to providing

optimal neurocritical care for neonates at risk of

neurological injury. Different brain monitoring and
neuroimaging modalities can provide complementary in-
sights into neurological function and structure, which can
aid in assessing injury, tracking development, and informing
treatment decisions. Monitoring technologies include the
electroencephalogram and near-infrared spectroscopy for
brain activity and cerebral oxygenation, respectively, and im-
aging techniques such as magnetic resonance imaging (MRI)
and cranial ultrasound for structural assessment.

These technologies produce complex data that can be diffi-
cult to interpret and often yield subjective conclusions, even
among top experts. Indications of brain dysfunction or injury
may be subtle and difficult to detect, and clear associations
with the neurobiology are not always well established. Given
these challenges, the field of neonatal neuromonitoring pre-
sents a compelling opportunity for the application of artifi-
cial intelligence (AI) to support analysis of these complex
data. Al has the potential to support in the clinical decision
process by uncovering new insights in the data, automating
review tasks, and enabling scalable solutions across large, lon-
gitudinal, or multipatient neuromonitoring data sets.

In this Commentary, as a working group of experts from
the European research project AI4NICU," we focus on the
case of Al applications for neonatal neuromonitoring. Moni-
toring brain function in neonates is a highly specialized area
within pediatrics, distinguished by continuous and rapid
clinical, scientific, and technological advances. Our working
group consists of clinicians and biomedical engineers, with
the aim of jointly mapped ethical or societal issues associated
with the AI systems in the neonatal intensive care unit
(NICU), defining the clinical importance of the performance
of Al methods, and defining a unique assessment of Al per-
formance in neonatal neuromonitoring. We believe Al tools
have the potential to significantly improve clinical workflow

Al Artificial intelligence

AIMD Al-enabled medical device

FDA Food and Drug Administration

HIE hypoxic-ischemic encephalopathy

IMDRF International Medical Device Regulators Forum
IT Information technology

MDR Medical Device Regulation

MRI Magnetic resonance imaging

NICU Neonatal intensive care unit

XAl Explainable artificial intelligence

in the NICU. Although the final diagnosis will always be
made by a physician, Al clinical decision support tools could
automate tedious and repetitive tasks, process data at a scale
beyond human capacity and operate out-of-hours, and pro-
vide clinicians with relevant evidence to support informed
decision-making.

In contrast to other reviews and commentaries on Al for
neonatal care,”” we present here a holistic approach to the
development of Al tools for neonatal neuromonitoring,
which is structured around 6 critical aspects that are potential
bottlenecks for the tools’ applicability, credibility, and effi-
cacy (Figure 1). We begin with the issue of how patient
data should be collected without raising concerns among
patients, their parents, and health care professionals
(section 2). We then comment on developing appropriate
Al algorithms for the collected data and highlight some
applications (section 3). We stress the importance of fluent
cooperation between clinicians and engineers; with
clinicians guiding application and purpose and engineers
designing the algorithms, with continuous cooperation and
communication throughout this iterative process. Later, we
examine the potential for reluctance and distrust toward Al
from both clinicians and patients’ families, which may arise
from either an Al algorithmic bias (section 4) or the
inability to explain the AI predictions to evidence-driven
medical staff (section 5).

Next, we describe regulatory frameworks and how they can
impose a necessary compromise: although these regulations
rightly prioritize patient safety and guard against the un-
checked advancement of Al-enabled medical devices
(AIMDs), they can also impose a significant financial and
knowledge burden that may slow the pace of innovation
and hinder development (section 6). Finally, we consider
different aspects related to the deployment of the device:
we highlight the importance of clinical validation studies,
postmarket surveillance to ensure continued safety and
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Figure 1. Al in neonatal neuromonitoring: from data collection to deployment.

identification of potential systematic misuse of the device,
and the importance of including parent or /guardians in
both the development and deployment stages of the device
(section 7).

Data Collection and Curation

A key challenge in the development of Al in neonatal neuro-
monitoring is the need to use patient data for training and
testing the models. Depending on the objectives (eg,
enhancing diagnosis, outcome prediction, or personalized
treatment) the types of data needed will vary and may include
clinical information from electronic patient records, physio-
logical data (such as EEG signals and cerebral oxygenation
measurements), neuroimaging data, and more. The develop-
ment, implementation, and reliance on Al systems in health
care involve an increasing need to create and curate high-
quality real-world patient data sets. Data collection for Al
development in neonatal neuromonitoring requires a careful
and ethical approach to ensure data accuracy and security
while meeting the specific goals of improving neonatal
neurological care through Al In this process, the drive for
innovation, care quality, and efficiency must be balanced
with the patient’s individual rights to privacy and confiden-
tiality.”

Health care providers must implement organizational and
technical measures at the earliest stages of design to ensure
compliance with the principles of data protection “by design”
and “by default”.” Al projects in neonatal neuromonitoring
often require oversight by the institutional review board or
ethics committee during planning, as they usually involve
research with human subject data and aim to develop medi-
cal devices or decision-support tools. In addition, the institu-
tional data protection officer supervises the data journey to
ensure compliance with privacy regulations and safeguard

2

patient data throughout their lifecycle. For the use of patient
data in developing Al technologies, informed consent can
take various forms, including specific consent for a particular
project, broad area-specific consent (eg, generic informed
consent for the use of patient health data in neonatal
research), or data anonymization with appropriate safe-
guards and ethics committee waivers when consent is not
feasible. However, case studies exist in which data-driven
technologies have used patient data without consent or
research approval,'’ underscoring that the development of
Al applications may require updates to current privacy laws
and regulations. In any case, the AI community must comply
with data protection regulations™''; safeguarding privacy
and security require deidentification of data and implemen-
tation of robust security measures, such as encryption and
secure access controls. The challenge of anonymization lies
in ensuring that it meets regulatory requirements while also
retaining the necessary data of value to achieve the goals of
Al technologies.'” Anonymization tools like Nymiz (Nymiz
Data Company), ARX (Helmholtz Center for Information
Security — CISPA), and Amnesia (Athena Research Center)
remove personally identifiable information using techniques
such as differential privacy and pseudonymization. Equally
important to privacy and security is ensuring data quality
by avoiding socially constructed biases, inaccuracies, and er-
rors.

Particularly sensitive is the repurposing of or granting
third-party access to patient data for the testing and develop-
ment of Al systems. In such cases, obtaining specific
informed consent is required, ensuring that patient privacy
is preserved, and maintaining data ownership within the hos-
pital.

The stumbling blocks to multi-institutional data sharing
primarily include legal and regulatory restrictions that can
vary by country, data ownership rights, and concerns over
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data misuse. Besides these policy-related barriers, there are
technical challenges, such as insufficient information tech-
nology (IT) infrastructure in hospitals to ensure security dur-
ing data sharing. Increasing awareness of the importance of
data sharing and the potential benefits of Al in the NICU
could spur initiatives aimed at harmonizing regulatory
frameworks at the multi-institutional level and enhancing
IT system standards within hospitals. Given that regulatory
changes across countries can be protracted, a possible solu-
tion is the creation of local ethics-approved data biobanks
operating within a single institution. Although this approach
offers greater consistency by relying on less heterogeneous
equipment, it also leads to smaller data sets with limited
generalizability.

Technical limitations extend beyond IT infrastructure.
Some of the equipment used in the NICU does not store
data in readable formats, thereby limiting the potential for
data to be used for research purposes, beyond simple data
visualization for clinical staff. Another hurdle is the aggrega-
tion and linkage of diverse data streams, which are often
stored separately and in different formats. These integration
challenges can be mitigated by adopting standardized data
schemes and developing multimodal data platforms with
synchronized time-stamping, robust metadata structures,
and usable interfaces.

Algorithm Development

Al is a general, nonspecific term that covers a range of statis-
tical learning methods, many with little association to the
broader field of machine intelligence. These methods are
data-driven techniques that estimate model parameter values
through a training process and can range in complexity from
a simple linear regression model with a few parameters to a
complex deep learning model with billions of parameters.
In recent years, generative Al—such as the large language
models behind chatbots—has grown into a multibillion dol-
lar industry of geopolitical significance. Although it offers
enormous potential for clinical applications, we are yet to
see useful applications in neonatal neuromonitoring.'”"
This commentary focuses instead on discriminative Al, a
classification-type approach with a proven track record in
this field. Beyond the usual guidelines that apply to devel-
oping Al models,'” there are many challenges and potential
pitfalls in developing these algorithms in the context of
neonatal neuromonitoring applications.

First, in many instances, there is a lack of sufficient data, an
obvious challenge for developing data-driven methods but
also for testing the performance of the model. Data sets are
often imbalanced with respect to the outcome of interest;
for example, the prevalence of seizure is low in the neonatal
population within a long-duration EEG recording. Second,
data variability is high across neonates and therefore training
and testing data sets should include large numbers of neo-
nates without overlap in neonates between the training and
testing data sets. Third, the type of Al model should be
appropriate to the data set and application, for example,
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smaller models (less parameters) should be used for small
data sets to avoid overfitting. Fourth, performance should
be assessed using appropriate metrics. This is particularly
important when the data set is imbalanced or when the
ground truth is not clear. For example, if the ground truth
is determined by the subjective interpretation of a signal,
such as the EEG, then the model performance should be eval-
uated in relation to the inter-rater performance of the human
reviewer.'® Finally, the model should be validated on an inde-
pendent held-out data set that was not used in the training
process, and ideally this data set should be from a different
center to the training data. Also, there should be no overlap
in reviewers used in the training and validation sets.
Although current discriminative Al models primarily rely
on objective, quantifiable data, it is also important to incor-
porate qualitative insights from caregivers, nurses, and clini-
cians. Though harder to structure, these forms of subjective
data could be captured through standardized assessments,
scoring systems, or natural language processing techniques
applied to clinical notes and parent-reported observations.
This process will likely be better captured by generative Al
models, a rapidly advancing area of research in health
care.' "

Al models for neonatal neuromonitoring can broadly fit
into 3 categories: (1) predictive models that combine clinical
variables to calculate the risk of brain dysfunction; (2) classi-
fication or segmentation models for neuroimaging data; and
(3) classification models using physiological data. Here we
present some examples in these areas to highlight the scope
of the field but see elsewhere for a more comprehensive re-
view.” !

Similar to Apgar, Sarnat, or Clinical Risk Index for Babies
scores, predictive Al models use readily available clinical vari-
ables to evaluate the clinical state of the neonate, for example,
a machine-learning model that uses early clinical variables to
predict hypoxic-ischemic encephalopathy (HIE).'® Although
Al models have a long history in neuroimaging, their appli-
cation to neonatology remains relatively limited, likely due
to the lack of neonatal data available. The AI methods, how-
ever, are mostly transferable. Examples using neonatal neuro-
imaging data include detecting intraventricular hemorrhage
from cranial ultrasounds,'” detecting acute bilirubin enceph-
alopathy from multimodal MRI*’ and segmentation of the
posterior limb of internal capsule in MRI of preterm neo-
nates.”' Physiological signals, such as cerebral oxygen satura-
tion, can be difficult to interpret from visual inspection other
than applying thresholds that indicate a preferred operating
region. Al has the potential to extract more information
than just applying thresholds. Al models of cerebral oxygen-
ation recorded through near-infrared spectroscopy, for
example, have been developed to detect intraventricular
hemorrhage in preterm infants’»*’ and brain injury on
MRI in term infants.”’

Probably the most mature area in Al development for
neonatal neuromonitoring is the application of AI methods
to the EEG—in particular, EEG seizure detection.'®** Other
Al applications in neonatal EEG include the prediction and
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25,26 . . 27 .
7% classification of sleep states,”” esti-

¥9% and grading of background

forecasting of seizures,
mation of brain maturation,’
activity.”'

The EEG is a complex signal that is difficult to interpret
visually and is subject to inter-rater variability. Al models
have the potential to provide a more consistent and accurate
interpretation of the EEG signal than a human observer.

Regulatory approval is required to deliver these models
from the researchers’ computer to the bedside (see Section
6 for more details). Ideally, this burden is passed to an exist-
ing commercial entity that has the financial resources and
knowledge to negotiate the regulatory landscape. However,
the reality is very few Al models make this transition. EEG
seizure detection models are one of the few examples that
have managed to make this transition: for example, the Ni-
hon Kohden EEG system (Nihon Kohden Corporation)
the ANT Neuro Neo system’* (ANT Neuro), and the
Persyst-15 EEG-review software (Persyst Development) all
include different regulatory approved seizure detection algo-
rithms.

The Risk of Al Bias

Al bias has already been identified as an issue in medical ap-
plications,””” including applications in neonatal moni-
toring, such as early detection of HIE. External validation
of Al algorithms intended for EEG grading in a HIE cohort
on “unseen” data sets confirmed the presence of model
bias.”” Data set bias can inadvertently occur in medical
research due to small and skewed databases for training
and testing Al algorithms, which are not representative of
the general population. For example, the dominant presence
of a specific group of infants with similar gestational or post-
natal age, or place of birth (low- or middle- or high-income
country), can skew Al algorithms toward a particular group
of patients. Furthermore, Al algorithms intended for the clas-
sification or prediction of outcome of rare neurological dis-
orders are limited by small data sets, for example, HIE,
with a prevalence of approximately 1.5-3 per 1000 live births
in high-income countries and 3-20 per 1000 live births
worldwide.”® AI models for seizure prediction or grading
EEG in HIE*>*”* use data set sizes ranging from 47 to 181
infants, while data sets <200 would be considered small for
Al training. A lack of open data sets (limited to 2 data sets
for EEG, for example,22’42 is also a constraining factor for
external validation of AI models. There is also substantial di-
versity in the equipment used between countries. Multi-
channel continuous electroencephalography is mainly used
in highly specialized centers, following American Clinical
Neurophysiology Society guidelines, while the prevalence of
amplitude-integrated EEG or single-channel EEG is still
high in clinical practice."”**

The Food and Drug Administration (FDA) identified the
crucial importance of bias mitigation in Al-based software
for medical devices.”” The FDA intends to support piloting
real-world AI performance monitoring algorithms and
developing a methodology to identify and eliminate bias.*
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The efforts of the scientific community are currently oriented
in 3 directions: (a) encouraging clinical research centers to
collect and curate data sets, (b) sharing data sets across cen-
ters or countries (where possible within the constraints of na-
tional or regional guidelines and law), and (c) supporting
open-source code of Al-based software and trained models.
There is a growing trend of publishing open-source Al
models through open platforms (such as Zenodo and Gi-
tHub),”>"” which allows for fair comparison of Al algo-
rithms’ performances on their own data sets. An alternative
to sharing the trained models in the form of computer
code is to provide an online service to run the models to
make it easier for nonexperts. Recently, the Baba Center
(New Children’s Hospital, Helsinki University Hospital)
developed a cloud platform called BabaCloud, which hosts
different algorithms for neonatal EEG. This platform sup-
ports researchers and nontechnical users in analyzing their
own data with AI models by uploading anonymized EEG
data, which is deleted after processing.’’ Federated learning
is another potential solution for preserving data privacy in
sensitive areas such as neonatal monitoring and improving
Al model performances by joint training of multiple data
sets across different geographies. The basic idea of federated
learning is to enable sharing of the training model parameters
across centers instead of sharing the data directly between
stakeholders. The AI model parameters are updated via
training on local data sets and then are aggregated to a central
model. Limiting factors include a slow training process for
model development, as the parameters are updated over an
internet connection. This can make it difficult to iterate
over different model designs during the development pro-
cess, a typical procedure for an experimental science of Al
model building. To date, we are not aware of a successful
example in this area of neuromonitoring technologies for ne-
onates. Other limitations include the requirement of devel-
oping and applying appropriate data harmonization
procedures across data sets before training, although this
can be overcome by defining a clear guide to data collection
and processing in the first instance. Despite these limitations,
federated learning does have the potential to develop Al
models on much larger and more diverse data, and with
that, the potential to reduce bias.

Algorithm Transparency and Explainability

Despite the potential benefits of Al in neonatal neuromoni-
toring, a major barrier to its clinical adoption lies in the
lack of transparency and explainability of these algorithms.*®
Al systems, particularly deep learning models, are considered
“black boxes” because they generate predictions without ex-
plaining how decisions are made. This stands in stark
contrast to traditional statistical methods, such as logistic
regression, which are inherently interpretable but often lack
the predictive power of complex Al models. In neonatal neu-
romonitoring for brain injury, where early interventions can
alter lifelong outcomes, clinicians may hesitate to act on Al-
based alerts—such as those predicting seizure onset or
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abnormal EEG patterns—without a clear understanding of
how those predictions are made. Moreover, this lack of trans-
parency also presents other challenges, such as meeting regu-
latory standards and safely integrating Al into clinical
workflows, which complicate its widespread adoption in
health care.

To address these concerns, explainable Al (XAI) tech-
niques have been developed, offering clinicians the ability
to understand the rationale behind Al decisions, thereby
improving diagnostic accuracy and reducing the risk of er-
rors.”” XAI methods help clinicians identify which clinical
features contribute most to Al predictions, enabling critical
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evaluation in sensitive domains such as brain monitoring.
Although not directly focused on brain injury, Marvin
et al’’ developed an interpretable Al approach to predict
NICU admissions, identifying preterm birth history and in-
fant weight as key factors. Similarly, Juraev et al used XAl
not only to highlight the most influential features but also
to describe the rules the algorithm followed to predict mor-
tality in the NICU.”' Such transparency allows domain ex-
perts to verify Al-generated predictions.

XAl is also valuable in analyzing unstructured data like im-
ages’” and signal analysis.”” For example, Ornek et al com-
bined an AI model with XAI to classify neonatal
thermograms as healthy or pathological.”” The XAI revealed
which parts of the image were most important for the Al’s
predictions, ensuring that the model focused on relevant fea-
tures rather than unrelated regions, such as the background.
By revealing the regions of interest that influenced the
model’s predictions, clinicians could verify that the Al system
focused on medically relevant areas, improving both trust
and diagnostic accuracy.

Currently, XAI is used mainly during the development
phases of Al models to improve performance and build con-
fidence during validation.”* However, future research should
focus on integrating XAl into real-time clinical workflows, al-
lowing clinicians to benefit from explainable insights during
patient care. A promising direction for research is the devel-
opment of XAl-driven indicators, such as reliability scores,
that correlate a model’s reasoning with its confidence in pre-
dictions.”” These indicators would not only serve as perfor-
mance metrics during model validation but could also
accompany predictions in real time. Providing clinicians
with a reliability score would offer an easily interpretable
measure of the model’s confidence in its predictions. This
would not only enhance trust in Al systems but also allow cli-
nicians to make more informed and confident decisions,
ensuring Al’s successful integration into real-time clinical
workflows for neonatal neurological care.

By addressing the challenges of model explanation and
transparency, XAl can play a pivotal role in building trust,
meeting regulatory requirements, and ensuring Al systems
are safely and effectively integrated into neonatal neuromoni-
toring.

Al Regulations

Due to the recent influx of AIMDs on the market, regulators
including the FDA in the US and the European Union via the
Medical Device Regulation (MDR) have focused on intro-
ducing Al-specific guidance to ensure the safety and efficacy
of AIMDs. These Al-specific guidances are generally aligned
with the overarching territory’s regulations, as seen in
Figure 2.

According to the FDA database for AIMDs, as of 25th June
2024, there are over 950 AIMDs cleared for market in the US.
Approximately 82% of these products are in the radiology
domain, which suggests that they are clinical decision
support-type systems or products.”” The FDA does not
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currently have any specific regulation or guidance released
for AIMDs. However, 2 draft guidances from the FDA, one
focusing on “Al in Drug and Biological Products” and the
other on “AIMD Lifecycle Management”””*® should help
inform AIMD development.

In Europe, the MDR, which was introduced in 2018 to super-
sede the Medical Device Directive, provides stricter require-
ments for all medical devices. The MDR specifically included
new medical device classifications for Software as a Medical De-
vice (SaMD), including Al-enabled devices. In addition, in Eu-
rope the Al Act will require medical device manufacturers
(including manufacturers of SaMD and AIMDs) to be dually
compliant with the MDR and AI Act. The majority of these
rules will become effective in August 2026.”

What do these regulations mean for the field of AIMD
research and development? They introduce a number of re-
quirements and considerations, some of which are aligned
with the International Medical Device Regulators Forum
(IMDRF) guiding principles for Good Machine Learning
Practice for medical devices, and act as good guiding frame-
works for researchers to build trustworthy Al products for
medical applications, including:

1. Risk-based frameworks, such as IMDRF Risk Categoriza-
tion or the FDA SaMD Framework, must be used to deter-
mine the risk-profile of the product.

2. Independence of train and test data sets, as well as
ensuring that the data sets and study populations used
to validate the AIMDs are representative of the intended
patient population.

3. Transparency and oversight, with a focus on defining a
clear and well-understood intended use or purpose
throughout the total product life cycle.

4. Continuous monitoring and postmarket surveillance to
maintain or ensure safety and effectiveness through real-
world evidence.

A specific bottleneck for Al development in the neonatal
community, that is, impacted by Good Machine Learning
Practice and IMDREF guiding principles is the data imbalance
and small sample sizes that are common in neonatal anoma-
lies, such as HIE. This introduces challenges in conducting
suitably powered prospective clinical trials to validate the
performance of AIMDs with real-world evidence and drives
the need for accessible, retrospective data sets with sufficient
power to prove safety and efficacy in a representative in-
tended population. However, there is a risk of bias when us-
ing retrospective data that needs to be considered prior to
accessing data for testing. Relatedly, the FDA has specific re-
quirements and guidelines for the use of “out-of-US” data in
regulatory submissions, which aim to ensure the data meet
their standards and are relevant to the US population.

System Design and Deployment

Engaging with stakeholders, including neonatologists,
nurses, and other health care professionals, is essential to
ensure that Al systems are codesigned to meet clinical needs

Kulakowski et al



October 2025

and integrate seamlessly into existing workflows. Regular
feedback from end users helps identify areas for improve-
ment or areas of concern. Communication is crucial, and
sharing findings and advancements with both the medical
community and the public promotes access and transparency
and helps build trust.

Another important step is to engage parents and patient
advocacy groups to align Al solutions with the priorities of
those directly impacted by neonatal brain injury and its
long-term consequences. This user-centric approach not
only enhances the relevance and effectiveness of Al systems
but also addresses ethical and practical concerns, resulting
in solutions that are well-informed and widely accepted. It
is crucial to keep parents involved after implementation to
ensure that their experiences and feedback continue to shape
improvements and maintain trust.

Al medical devices should be monitored over longer pe-
riods of time than the minimum regulatory postmarket re-
quirements. Safety, clinical utility, and efficacy should be
reassessed in the context of potential shifts in clinical prac-
tice. Carefully designed randomized clinical trials would
help reinforce the utility of the AI device. The AI models
themselves should be expected to improve over time, by
training with more data, increased data diversity, better
methods, and more computation—a trend that has acceler-
ated in the last decade and is likely to continue. This may
require recertification with regulatory bodies or could be
developed through a regulatory framework that allows for
this type of iterative improvement (for example, the FDA’s
Predetermined Change Control Plan). This process safe-
guards against the risks of being locked into outdated or
obsolete Al tools.

Conclusions

The pathway from development of academic Al models to
clinically validated tools for neonatal neurocritical care will
be both lengthy and complex. The process requires: (1) suf-
ficiently large and diverse data sets to represent the expected
population heterogeneity; (2) an awareness of bias and its po-
tential negative impact; (3) transparency in model develop-
ment, and, in particular, explainability of models where
possible, to build trust and confidence; (4) adherence to Al
MDRs throughout the life cycle of the product; and (5) clin-
ical evaluation through rigorous validation and postmarket
surveillance. We should not be discouraged by this compli-
cated process. Recent advances in Al make this an ideal
time to advance our efforts. The potential of Al to assist in
improving neonatal outcomes for this vulnerable population
is likely to be worth the effort. B
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