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Summary

Cerebral palsy (CP) is the most common lifelong physical disability, affecting millions globally. Early detection and
intervention are crucial for improving outcomes, yet many children are diagnosed late. The General Movements
Assessment (GMA) is a highly accurate clinical tool for detecting infants at high probability of CP, but access to
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health professionals trained in the GMA limits its use. Artificial intelligence (AI) has the potential to automate the
GMA, increasing accessibility worldwide. We established an interdisciplinary, international consortium for the
purpose of developing a roadmap for the ongoing development and implementation of an Al-enabled GMA system
for universal CP screening worldwide. The consortium included clinicians (children neurologists, paediatricians,
neonatologists, allied health), researchers, engineers, computer scientists, legal experts, and individuals with lived
experience, from around the globe (across Africa, Australia, Europe, and North America). The roadmap identifies
the following steps and key requirements within: (1) development of standards for Al validation; (2) development of
AI-GMA from large and diverse validation sets; (3) development of software tools and clinical pathways; (4) regu-
latory requisites; and (5) implementation. With the roadmap, Al-enabled screening for CP incorporating state-of-the-
art technology can be made possible. Future work will require international collaboration to allow for scaling of data
sets, refining automated solutions and translation into practice.

Funding Cerebral Palsy Foundation, Cerebral Palsy Alliance, European Union Born to Get There, the National
Health and Medical Research Council.

Copyright © 2025 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC
license (http://creativecommons.org/licenses/by-nc/4.0/).
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Introduction

Cerebral palsy (CP) is a heterogenous group of move-
ment disorders with multiple causal pathways.' CP re-
sults from a maldevelopment or injury to the
developing brain affecting 1-4 per 1000 live births
globally, with higher rates in low- and middle-income
countries (LMIC).”> Early detection and intervention
are critical for optimising developmental outcomes and
quality of life for children and their families.** Inter-
national clinical guidelines recommend diagnosis as
early as possible using accurate assessment tools in the
first months of life." However, many children world-
wide lack access to reliable early screening methods,
thus delaying intervention.””

The General Movements Assessment (GMA) is a
non-invasive video-based observational tool that as-
sesses the quality of infant spontaneous movement
patterns.®” The absence of a specific general movement
pattern called “fidgety movements” (FMs)-small mul-
tiplanar movements observed in the wrists, shoulders,
hips, ankles, and neck-demonstrates a sensitivity of
95-98% for predicting CP when used at 3-4 months of
age, making the GMA the most accurate clinical tool to
predict CP.*'*"" However, widespread implementation
of GMA is limited by the need for training and certifi-
cation of assessors.”” Recent advances in artificial in-
telligence (Al) offer a promising opportunity to address
these gaps by automating the GMA,”'* allowing the
potential for universal screening of CP. Universal
screening during critical development windows in early
life has the potential to reduce diagnostic inequities—
particularly in low-resource settings where access to
trained assessors is limited.

Video collection using consumer-grade red-green-
blue (RGB) cameras, commonly available in personal
devices such as smartphones, tablets, laptops, and

webcams, are the most accessible and practical option
for universal screening of CP."” These devices are not
only widely available and easy for use in clinical routine
settings but also families and caregivers can use them
in home environments, making them suitable for
screening at scale.””” For this reason, the majority of
automated GMA work has been developed using video
recordings from RGB cameras. "%

The process of AI GMA prediction typically con-
sists of several steps: capturing infant movements,
extraction of movement features, and then classifi-
cation."* The extraction of movement data and GMA
prediction typically relies on Al models, with pose
estimation emerging as the most used method for
extracting infant movement data, with several open-
source applications available.”* Classification of
GMA rather than outcome of CP has been the focus
of most research, as classification is available in a
timelier manner for the GMA, whilst CP is often
formally diagnosed at a later age.”® Further, the GMA
has application for screening beyond CP. Pose esti-
mation is a computer vision technique used to track
and detect key body points in an image or video,
providing their position over time. For the prediction
of GMA classification, various machine learning and
deep learning approaches have been used, using in-
fant movement features and demographics as input
features.” Although automated GMA tools have
made great advances, most have been unable to
progress beyond demonstrating feasibility due to
small datasets.'*'**** To date, limited data-sharing or
pooling has occurred due to logistical, legal and
ethical requirements.” To ensure accuracy, reli-
ability, and generalisability across multiple pop-
ulations, further validation of current AI algorithms
to automate the GMA are required.
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The purpose of this paper is to provide a roadmap
that outlines the required steps to automate the GMA
(referred to as AI-GMA) spanning research to imple-
mentation to achieve our goal of universal screening for
CP. Our goal is to ensure all children, including those
in LMIC, where there is a higher prevalence of CP, have
access to early screening by developing a scalable and
accessible solution to accessing the GMA.

Methods

The roadmap was developed through the CP360 initia-
tive, a global effort to advance CP research, care, and
advocacy, using a structured four-stage process adapted
from a modified model of the Stroke Research Round-
tables.*® Fig. 1 summarises the working group process.

Working group established

January 2024
Interdisciplinary, international group established

Firstly, in January 2024, the co-chairs (AS and AG)
led an international interdisciplinary working group
including GMA experts (General Movements Trust
Board and Members: AG, AS, CM, PM, AB), automated
GMA (TT, PM, SV, EP), persons with lived experience
(PWLE) (AC, FF, JC), CEOs of CP organisations and
clinician researchers (NB, DM, AR-R). This group
defined a summit agenda to bring together experts in
the field of automated GMA, along with PWLE, and
legal expertise in data sharing and AI. Second, in April
2024, we conducted a scoping review to identify experts
in the field who have published within the past 5 years
and invited them to attend the summit (AI-GMA
summit). Invitations were sent to relevant experts be-
tween June and July 2024. The third step involved a 2-
day summit in September 2024, based in Pisa, Italy.

Aims & priorities of task force set

Rapid scoping review

April 2024
June-July 2024 invitations sent to experts

identified in review

Summit in Pisa, Italy with 24 experts in-person & 8 on-line

September 2024 - November 2024
Virtual meetings of working groups to draft recommendations &

September 2024
Al & GMA summit
Consensus on roadmap
Working groups established
Draft
recommendations
reach consensus
Final December 2024
recommendations Feedback from all authors

Final recommendations paper

Fig. 1: Automated GMA-Taskforce process.
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The summit was attended by 32 experts, both in-person
and online and the summit was focused on defining the
top priorities and developing a roadmap. Working
groups were established and face-to-face discussion,
with hybrid options for those unable to attend in per-
son, occurred to reach consensus between September
and November 2024. For each priority, a subgroup
identified opportunities, challenges, and solutions, and
reported back to the larger group. When needed, follow-
up virtual meetings were conducted to reach consensus.
The final stage involved synthesis of the summit and
write-up of the roadmap presented herein.

Role of the funding source
The funder(s) of this work had no role in the study
design, data collection, data analyses, interpretation,
nor the writing of the report.

Results

The AI-GMA summit included wide stakeholder rep-
resentation from allied health, computer scientists,
engineers, lawyers, medical doctors and PWLE. There
was global involvement with attendees from Africa,
Australia, Europe and North America. Only Asia was
not represented by authors who had published in the
field. Email invitations sent to corresponding authors
went unanswered.

Following discussion of the opportunities, chal-
lenges, and key considerations across technical devel-
opment, clinical integration, ethics and governance,
and global implementation, a road map was developed
(Fig. 2). Initial steps (Steps 1 and 2) involve a central-
ised global effort and are detailed in this paper. The
final steps are briefly discussed here and will be the
focus of future summits (Steps 3, 4 and 5).

Step 1. development of data standards

To enable AI-GMA development, large, diverse datasets
of infant movement videos and infant demographics
need to be collected with standardised protocols and
expert GMA labels.

Data collection and quality

Standardised protocols for video recording are needed
to ensure compliance with GMA requirements. Videos
can be recorded by caregivers, community workers, or
health professionals using handheld mobile devices,
provided that suitable instructions are given.””*** In-
fants should be between 12 and 17 weeks corrected age
at the time of filming.**** Standard recommendations
for GMA recording already exist® with Fig. 3 providing a
summary of the key video characteristics. Solutions that
automatically determine a video’s suitability based on
filming recommendations and video characteristics
should be included in the workflow. Videos that do not
meet these requirements may need to be re-recorded.

Clinicians’ time to review and contact caregivers to
request another video can result in the narrow window
in which FMs are expressed being missed. Future work
should prioritise reducing the time taken to provide
feedback on video suitability to caregivers. This could
be built into existing video capture applications
providing real-time feedback or asynchronously post
video upload.

Data labelling

Methods to ensure high-quality, consistent expert
labelling of GMA classification and infant de-
mographics are crucial to progress development and
ensure interoperability of both data and AI models.
GMA classification for the fidgety age period, should
include ‘Normal FMs’, ‘Absent FMs’, ‘Abnormal exag-
gerated FMs’ and ‘not scorable’ and is the minimum
requirement.*’ Alternatively, clip-level annotations that
identify the periods of time within a video where FMs
are present may offer additional information in the
development of Al models.***

Alongside GMA labels, infant demographic data
should be collected, at a minimum including the in-
fant’s corrected age (weeks) at the time of filming,
gestational age, sex and country of birth.*** If corrected
age cannot be obtained, such as in LMIC, then
approximate at time of assessment should be included.
This minimum data is essential, as these variables have
been shown to be related to the GMA classification.
Additional information as listed in Table 1 is beneficial
but may be more difficult to collect. Both the minimum
and additional information have the potential to be
included in AI prediction models to improve accuracy
for later prediction of CP.

Our roadmap focuses on screening for CP proba-
bility using GMA, while other studies have used GMA
videos to predict CP diagnosis directly.'*'***** We have
chosen GMA classification as the outcome rather than
CP, due to challenges in follow-up.* In LMIC where the
average age for CP diagnosis is above two years.” To
ensure effective universal screening in the future, it is
important to connect AI-GMA with local CP studies
and/or registers, which confirm CP diagnoses from
two-five years old. This linkage will help reliably and
consistently capture CP outcomes, reduce barriers to
long-term follow-up, and establish timeframes that
align with local settings.

Step 2. development and validation of AlI-GMA
from large and diverse data sets

Data consortium

We propose the establishment of a data consortium to
provide oversight of dataset curation, model bench-
marking and data sharing. Data sharing in this context
relates to either direct sharing of videos and de-
mographic data, derived data (i.e. body pose informa-
tion) or AI Models. The consortium would need to have
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Step 1
Development of data standards

Step 2
Development & validation of
AI-GMA from large, diverse

datasets

Step 3
Development of software tools
& clinical trials

Step 4
Regulatory requisites

Step 5
Implementation

Fig. 2: Road Map to Universal Screening of CP using Al-GMA.

a legal agreement between all parties, ensuring the
following five principles: (1) The consortium would
establish a governance structure responsible for the
secure storage of the video datasets; with an executive
board which rotates between members. Researchers,
clinicians and PWLE will be part of the board, with a
global representativeness. (2) Each member would
contribute data, expertise or lived experience. Curation
of the dataset would ensure quality and diversity of the
video data, standardised annotation and scoring, and
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Data collection & quality
Data labelling

Data consortium

Dataset curation

Algorithm development & evaluation
Data sharing

Software development
Clinical trials

Medical device regulation in local context

Education of caregivers & health professionals
Policy & advocacy

most importantly compliance with regulations at the
individual sites for the collection and storage of the
video data. (3) Establishment and maintenance of
separate development and benchmarking datasets. (4)
Applications for access would be reviewed by the exec-
utive board and decided by consensus. A pathway for
members to access the dataset would also be estab-
lished. (5) Each contributor would still maintaining
their own data including IP (as relevant) related to their
data set.
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GMA filming set-up

Baby preparation

Room/camera
preparation .

Video technical r dations

Video length

Baby position

Video quality .

Fig. 3: Recommendation for recording GMA for Al.

Dataset curation

Datasets used for the development and benchmarking
of AI-GMA must accurately reflect the diversity of the
population they are going to be used with in terms of
race, ethnicity, context (such as clinical versus home
settings), socio-demographics and indicators of CP risk
(for example, preterm versus term births). Traditional
sample size estimations are generally not applicable to
Al model training problems, posing significant chal-
lenges in determining the appropriate sample size.
Several factors influence the required sample size,
including class imbalance, model architecture, and the
number of features. A recent study examining sample
sizes for Al models in biomedical research showed for
comparable studies involving classification problems
where the minority class constituted less than 10% of the
samples, and using a neural network model, the median
sample size required was 13,000.” Importantly, the study
demonstrated that increasing the representation of the
minority class can reduce the required sample size.
Existing datasets typically have low representation of
absent or abnormal FMs, highlighting the importance of
prioritising collection of data from high-risk infants. We

. Bare & visible limbs. Wearing diaper/nappy and/or singlet only
. Remove pacifiers, distractions (toys, television etc)

Adequate lighting
. Camera view angle at 45° (handheld or fixed camera)
. Hold camera still

. 3 minutes (minimum 1 minute)

. Baby occupies 50% of the height of the video with hands and feet visible
throughout the video

Frame rate above 24Hz
. Minimum resolution 380p (SD)
. Audio optional (useful for crying detection)

recommend the formation of such a dataset through the
pooling of data resources from multiple countries and
settings. Resources may need to be allocated to support
data collection in LMIC to ensure appropriate represen-
tation including training of local health professionals

Minimum required dataset

GMA video-Adhering to the recommendation for recording GMA for
Al

GMA score-Normal FMs, Absent FMs, Abnormal exaggerated FMs,
not scorable

Sex (female, male, unspecified)
Gestational age (weeks)
Age at video recording (term corrected in weeks)
Country of birth
Additional information (optional)
Birth weight (grams)
Birth complications
Multiple or singleton pregnancy
Race
Ethnicity

Table 1: Dataset variables.
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and systems to store data. A portion of this dataset
should be held out to be used for Al model bench-
marking. The remaining data can be used to further the
development of AI-GMA models. The benchmarking
dataset should be randomly selected from the larger
dataset while ensuring balanced representation of
different ethnic backgrounds, clinical and home settings,
and CP risk indicators. The benchmarking dataset
should not be used for model development to maintain
its integrity as an unbiased test set. These datasets
should be ensembled with oversight from the data con-
sortium (see below for further details on the data con-
sortium and data sharing). The data consortium’s
responsibilities should include curating the data, updat-
ing it over time to reflect new population trends or risk
indicators, and implementing strict access protocols.

Algorithm development and evaluation. ~ We focus on the
development and evaluation of computer algorithms for
GMA classification from videos. Both classical machine
learning and deep learning approaches have been
applied to predict GMA classification. We recommend
the establishment and use of a held-out benchmarking
dataset to determine the performance of an Al model
and its generalisability. For model evaluation, we
recommend employing a lock-box method where
planned analysis and model features are pre-registered
in line with the Open Science Foundation guidelines.
Results from the evaluation and the Al model should be
reported in a structured fashion using the
TRIPOD + AI guidelines and published on a publicly
accessible website maintained by the data consortium
to ensure transparency.*

Performance metrics should include: area under the
receiver operator curve, sensitivity, specificity, negative
and positive predictive values and balanced accuracy.”
Balanced accuracy is recommended as the majority of
datasets have an unbalanced distribution of GMA la-
bels. In addition, fairness metrics, such as performance
across subgroups (e.g. by race and ethnicity, sex or
setting), should be established to verify that models are
not only accurate but equitable. The model’s perfor-
mance should ideally be consistent across all
demographic and probability indicator subgroups. For
AI-GMA to be used in clinical settings, they require
acceptable psychometric properties. The psychometrics
will vary according to local context but are likely to have
sensitivity and specificity above 80% when used as a
screening tool. Much higher accuracy would been
needed for a diagnostic tool, however, AI-GMA is
focused on screening and not diagnosis.

Data sharing. AI-GMA currently faces challenges due
to a lack of large and diverse datasets, limiting the
ability to create robust and generalisable AI models.
Collaborative efforts among institutions are essential to
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address these issues, including data sharing and
standardisation of GMA videos.'"""”* Ensuring GMA
videos meet common data standards will aid in inte-
grating data from different groups. By identifying those
videos with standardised protocols and labeling, we can
create a more comprehensive and diverse dataset.
Proper protocols for secure collection, storage, and
sharing of data, especially regarding facial images
considered protected health information (PHI), are
required for compliance across jurisdictions and should
be developed with PWLE. Below we outline three
possible solutions for data sharing to progress AI-GMA:
a trusted research environment, sharing de-identified
data and a federated learning environment.

Trusted research environment. A trusted research
environment is a secure digital platform designed to
store, manage, and analyse sensitive research data. It
allows for controlled access to data, enabling re-
searchers to work with sensitive datasets whilst
ensuring privacy, security, and compliance with ethical
and regulatory standards.* This approach would enable
sharing and pooling of GMA videos and infant de-
mographic data. However, it requires significant
upfront investment, legal coordination, and ongoing
management of infrastructure. It is likely the best op-
tion for long-term collaboration, however, large-scale
funding is required for it to be sustainable. Addition-
ally, consent from caregivers would be necessary to
share videos that include facial images, making this
approach more appropriate for prospective data collec-
tion efforts.

Sharing of de-identified data. In situations where
sharing of PHI is not feasible, such as with existing
data where consent has not been obtained for sharing,
it may be more appropriate to pool and share de-
identified data. Sharing pose-estimation data of the in-
fants’ movements captured from GMA videos and
limited demographic information could be a viable
option. Skeletal or pose data contains either 2D (x,y) or
3D (xy, and z) information associated with each body
point throughout the video and is non-identifiable. In-
formation, such as audio or facial expression is
removed and may present challenges in determining if
the infant was in the correct behavioral state for GMA.
Additionally, the ability to refine pose estimation
methods is lost. However, it offers the benefit of
sharing beyond a trusted research environment since
the data is de-identified. This would enable more
groups to contribute to this challenge by making data
available through platforms such as Kaggle or Physi-
oNet.” These platforms provide open Al challenges,
where groups develop AI models using the provided
open access dataset and models are submitted and
benchmarked against a held-out dataset.

Blurring of faces in GMA videos has also been
explored to de-identify videos. Studies have shown high
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agreement on GMA between blurred and non-blurred
videos in both human assessors and automated
methods.” Although some facial information for iden-
tifying the infant’s behavioral state (e.g. fussiness,
drowsiness) may be lost. Screening of these videos for
infants’ behaviour state prior to deidentification by the
local site would be essential to ensure video quality. De-
identification by face-blurring retains maximum orig-
inal data, which enables various further technological
explorations that are not dependent on the methods and
techniques used to redact data (e.g. extracting poses).

Federated learning.  Federated learning provides an
alternative to traditional data sharing and is gaining
increasing traction in the health setting.*** In federated
learning AI models are collaboratively trained across
multiple data sources without the need to pool or share
data itself. In this approach, each participating site
trains a local version of the Al model on its own data,
that is then merged to form a global model. Model
parameters, and not the data, are shared and merged,
which is updated through multiple iterations across
sites. This setup preserves data privacy whilst enabling
access to broader and more diverse datasets, enhancing
the accuracy and generalisability of AI-GMA. However,
it requires each site to have sufficient IT infrastructure
and computational resources to support local Al model
training. Currently due to high graphic processing unit
(GPU) costs, federated learning may be inaccessible to
some in LMICs but will become more viable as the cost
of computational resources for training Al algorithms
decreases.

Overall, while face blurring has been explored to
some extent, federated learning remains an untested
but promising approach for AI-GMA models. Further
research is needed to evaluate and compare these
methods in terms of sensitivity and diagnostic
efficiency.

Step 3. development of software tools and clinical
trials

Software development

To date, AI-GMA work has remained in the research
domain, relying on batched offline analysis of GMA
videos collected in clinical or research settings. To
enable universal screening, future efforts should be
directed towards development of a software platform
that incorporates the full workflow including video
upload, storage, real-time analysis and reporting. The
platform will also need to include caregiver and clini-
cian facing portals and be scalable. For universal
screening to occur it will be important to have AI-GMA
incorporated into a product where videos can be ob-
tained by caregivers, health professionals and/or com-
munity workers, such as existing mobile or web-based
solutions,” with the addition of AI-GMA to give
timely reporting of results. Rather than the mobile or
web-based solution giving feedback directly to families,

the results would go to a health professional or appro-
priate trained personnel to follow a care pathway
(Fig. 4). The workflow will need to be co-designed with
stakeholders including health professionals and PWLE
and adapted to local contexts.”

Clinical trials

Extensive clinical trials across diverse demographics of
the end-to-end workflow are needed to determine the
effectiveness of universal screening for CP. Whilst
establishing the effectiveness of AI-GMA models to
identify high probability of CP in the real-world is a key
indicator, metrics on useability from caregiver and
clinician perspective, clinical validity, reproducibility
and safety also need to be evaluated. Ideally trials
should be designed to gather evidence required to
support regulatory approvals for medical devices by the
relevant body in each region (e.g. Food and Drug
Administration [FDA], Therapeutics Good Act [TGA],
European Conformite Europeenne [CE] mark) and need
to occur with step 4 below.

Infants from diverse ethnic, race” and socioeco-
nomic backgrounds should be included to account for
variations in developmental norms and general move-
ment patterns.” Conducting trials in multiple
geographic locations helps to evaluate model robust-
ness in detecting movement patterns across different
environments and healthcare practices.

A phased approach for developing clinical trials
should be adopted. Within each phase AI model per-
formance should be benchmarked against experienced
GMA assessors who are blinded to the model’s pre-
dictions to ensure an unbiased comparison. Phase 1
should focus on feasibility, testing basic functionality,
and ensuring the Al models can handle variability in
video data. Phase 2 should focus on validation in a se-
lection of diverse cohort. The focus here is on validating
the model’s accuracy and consistency across a broader
set of demographics, settings, and CP probability in-
dicators. Phase 3 should include large multisite clinical
trials across different regions and populations. The
primary aim is to confirm that the Al model and
workflow can reliably predict GMA outcomes in a
broad, representative sample of infants. Phase 3 trials
should use blinded, randomised assessments to miti-
gate biases and validate the model’s generalisability and
clinical utility.

Step 4. regulatory requisites

Medical device regulation in local context

It will be necessary to ensure that the product complies
with regulatory requirements in the country of use
including approvals from regulatory bodies. Regulatory
compliance is essential to ensure safety, efficacy, and
trust in clinical adoption, noting that regulation prac-
tices vary around the world and are continuously being
updated. AI-GMA would support clinical decision-
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Fig. 4: Possible workflow for AI-GMA.

making, likely classifying it as a medical device. This
classification requires stringent safety and clinical
testing, with ongoing verification and validation to
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ensure accuracy. Compliance with regulatory acts, such
as the Al Act Europe requires transparency, human
oversight, and security measures and is essential to
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establishing its credibility as a decision-making tool.
Adherence to the General Data Protection Regulation
(GDPR) in Europe, Health Insurance Portability and
Accountability Act (HIPAA) in the US, and other local
regulations is crucial and made more complex by the
use of data with identifying features such as facial fea-
tures. Regulatory standards require post-market moni-
toring, essential for AI devices that may need
continuous updates. Collecting feedback, managing
adverse event reports, actively engaging primary stake-
holders and updating algorithms are vital to maintain-
ing compliance and user trust. Regulations also
emphasise ethics and transparency, requiring Al de-
cisions to be interpretable, justifiable, and unbiased.

Step 5. implementation

Education of caregivers and health professionals

The implementation pathway will need to be adapted to
the local setting, with training of health professionals
and caregivers to understand why early screening is
important and the pathway for families from consent to
diagnosis. Feedback will need to be given in a timely
manner with an understanding of sensitivity and
specificity of screening using AI-GMA. Standardised
pathways for further assessment and early intervention
must be established for infants flagged as high proba-
bility of CP. Recommended diagnostic pathways exist
for LMICs, but implementation of these pathways var-
ies by setting.’ The proposed tool will be a screening or
decision support tool rather than a diagnostic tool and
this important distinction should be underscored when
the global community is educated on its use.

Policy and advocacy

Engagement with policymakers and health systems to
integrate AI-GMA into standard care is needed at all
stages of the roadmap but particularly for imple-
mentation. It is important to develop guidelines for
universal screening by working with global health or-
ganisations for best practices in implementing and
using the automated AI-GMA tool. Public awareness
campaigns can help educate the public and healthcare
providers about the importance of early CP detection
and the availability of the AI-GMA screening tool.
Further, it will be essential to work with local govern-
ments and patient and disability associations to make
universal screening for CP a part of standard neonatal
care protocols, ensuring it is covered by public health
policies and insurance plans under the principle of
universal health coverage.

Discussion

There has been a rapid increase in the number of
publications on automating the GMA for early detec-
tion of CP in the past decade.” To achieve our goal of
AI-GMA with a focus on health equity and access, large

data sets of GMA recordings are needed, and families
need to be assured that data privacy and regulatory re-
quirements are met. This involves trust and co-design
in the user experience and long-term protection of
their child’s data. The development and implementa-
tion of AI-GMA must be informed by perspectives and
experiences of individuals with CP and their families.
Our summit invited experts from around the globe,
including LMIC, to reach consensus on a road map to
progress the field and included parents of children with
CP who emphasised the importance of data ownership,
co-design, consent, trust and communication. Although
Al has the potential to increase accessibility to early
screening, health professionals will always need to be
involved in the pathway to diagnosis; from consenting
families for early screening to final diagnosis of CP
which involves several assessments (e.g. neurological
examination, clinical history, neuroimaging).*'>*
Further, the use of Al should not supersede the need
for close follow up for infants and where there are clear
indicators for a CP diagnosis already such as major
brain injury.

GMA alone are not a diagnostic tool for CP, rather a
disruption to the central nervous system requiring
further investigation. Advancements in GMA automa-
tion has potential to facilitate early detection of not just
CP but also other neurodevelopmental delays.”>* Small
studies have shown that motor repertoires observable
within a GMA video can predict increased probability of
cognitive disability.”>**** This points to the possibility
for the GMA to predict outcomes beyond CP and
identify those children who might also benefit from
early intervention for other conditions. Inspired by the
development of AI-GMA, the authors see the possibility
for more research to enhance Al algorithms that auto-
mate early detection of conditions like autism spectrum
disorder and attention deficit hyperactivity disorder
based on movement data from the early motor reper-
toires of infants.

The use of AI-GMA is not without its limitations.
Trust in Al, data privacy and security and the impor-
tance of human connection when making a diagnosis
are just some of the many considerations in making
universal screening possible.”® With this roadmap, we
aim to progress both research and clinical application of
Al and GMA whilst acknowledging the rapid changes
in the field. Substantial capital investment will be
needed to achieve each step in the roadmap and it is
essential to collaborate to reduce duplication of efforts
and targeting resources appropriately. Ongoing sum-
mits which will expand on these issues will be required.

Conclusions

Al-enabled GMA has immense potential to allow for
universal early detection of CP, but realising this po-
tential requires a coordinated, multidisciplinary effort.
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Search strategy and selection criteria

References for this Health Policy were identified through
searches of PubMed and Google Scholar with the search
terms “general movements” AND “artificial intelligence”
OR “machine learning” OR “computer vision” OR
“"automated” OR “deep learning” AND “cerebral palsy” from
2017 until February 2024. Articles were also identified
through reference lists of key review papers. No language
restrictions were used. The final reference list was
generated on the basis of originality and relevance to the
broad scope of this Health Policy.

This review represents a consensus roadmap from a
diverse group of stakeholders. We call for the formation
of a global effort to advance AI-GMA development and
implementation, with a focus on equity and improving
outcomes for all children with high probability of CP
worldwide. By addressing these key areas, we can make
automated universal screening for CP using the GMA
available to everyone, leading to earlier intervention and
better outcomes for children worldwide.
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