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Abstract. Preterm brain injury is a major cause of lifelong motor, cognitive, and behavioral
disability, yet its imaging phenotype changes rapidly with development and differs across
cranial ultrasound (cUS) and magnetic resonance imaging (MRI). Serial cUS is suited to
bedside surveillance of hemorrhage and ventricular enlargement, whereas term-equivalent
structural and diffusion MRI provide more detailed assessment of tissue injury, maturation, and
white matter organization. Artificial intelligence (AI) can support image-quality assessment,
lesion detection, segmentation, quantitative phenotyping, developmental-age estimation, and
outcome prediction, but evidence for clinical translation remains uneven. This focused review
maps imaging modalities and computational tasks to neonatal decisions and synthesizes studies
published from 2005 through 2025. Structural MRI segmentation has the most consistent
technical evidence; cUS automation, subtle-lesion detection, longitudinal multimodal pre-
diction, and prospective clinical use remain less mature. Dataset scale alone is not sufficient
because developmental stage, acquisition differences, nonrandom missing examinations, and
delayed follow-up can influence apparent performance. We therefore distinguish model ac-
curacy from deployability and propose a minimum pipeline comprising input governance,
infant-level external evaluation, calibrated uncertainty, safety-based abstention, human review,
and post-deployment monitoring. Future progress depends on longitudinal multicenter cohorts,
development-aware representation learning, and prospective studies that measure reporting
efficiency, management changes, and safety. AI should be judged by reproducible clinical
benefit rather than internal benchmark accuracy.

Keywords: Preterm brain injury; Neonatal neuroimaging; Cranial ultrasound; Magnetic reso-
nance imaging; Artificial intelligence

1. Introduction

Improved survival after very preterm birth has increased the number of infants living with neurological
risk. Intraventricular hemorrhage (IVH), periventricular leukomalacia (PVL), diffuse white matter
injury (WMI), and secondary ventricular enlargement differ in onset, visibility, and prognostic meaning
[1, 2]. Their consequences may include cerebral palsy, impaired cognition, and behavioral difficulty,
yet acute signs can be nonspecific. Clinicians must therefore detect urgent abnormalities, grade severity,
quantify tissue injury, and communicate risk while the infant may still be physiologically unstable.
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Imaging interpretation is complicated by rapid change between approximately 24 and 40 weeks
of gestational age. Cortical folding, myelination, tissue contrast, ventricular shape, and white matter
organization evolve even without disease [3, 4]. A feature that is normal at one developmental
stage may resemble pathology at another. Serial cranial ultrasound (cUS) supports early bedside
surveillance, whereas term-equivalent magnetic resonance imaging (MRI) provides detailed structural
and microstructural assessment and is associated with later development [5]. As shown in Figure 1,
the value of each modality depends on timing, clinical stability, and the decision to be made. Neither
modality alone captures the full trajectory from acute injury to altered maturation.

Conventional assessment also depends on expert visual interpretation and semi-quantitative grading.
These approaches are clinically established but can vary between readers and may not capture diffuse
abnormalities or subtle developmental patterns consistently. Artificial intelligence (AI) offers automated
quality assessment, lesion detection, segmentation, quantitative phenotyping, and outcome prediction.
However, high internal accuracy does not establish that a model will work across gestational ages,
scanners, operators, or neonatal units. A clinically useful output must answer a defined question, arrive
within the relevant workflow, and remain reviewable. This focused review therefore maps imaging
modalities to clinical tasks, summarizes the strength of current AI evidence, and defines the minimum
pathway from automated analysis to accountable clinical translation.
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Figure 1. Clinical timing of imaging for preterm brain injury. Serial bedside methods prioritize early
surveillance, whereas multimodal MRI provides more comprehensive assessment of maturation and

injury near term-equivalent age. Exact schedules depend on clinical stability and local practice.

2. Review methodology

PubMed/MEDLINE, Web of Science, IEEE Xplore, and Scopus were searched for English-language
studies published from January 2005 through December 2025. Search concepts combined preterm brain
injury, neonatal neuroimaging, and automated analysis. After deduplication, titles, abstracts, eligible
full texts, and reference lists were screened; 150 studies were retained. Eligible reports addressed
segmentation, detection, grading, brain-age estimation, or neurodevelopmental prediction in fetal
or neonatal populations. Adult-only, animal, descriptive, review, and methodologically incomplete
reports were excluded. Because cohorts, modalities, and endpoints were heterogeneous, evidence
was synthesized narratively by clinical task, model family, and validation strength rather than pooled
statistically.
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3. Imaging modalities and clinical tasks

3.1. Bedside surveillance with cranial ultrasound

cUS is portable, radiation-free, and repeatable during physiological instability, making it central
to serial surveillance in the neonatal intensive care unit. It can identify moderate-to-severe IVH,
ventricular enlargement, cystic PVL, and major structural abnormalities soon after birth and can track
whether hemorrhage or ventricular dilatation is progressing [6]. The immediate clinical questions are
usually whether an examination is adequate, whether an urgent abnormality is present, and whether its
severity has changed since the previous scan.

AI tasks should follow this workflow. View and quality recognition can first confirm that required
planes are present; measurement tools can quantify ventricular dimensions; detection and segmentation
can localize hemorrhage or cystic change; and grading systems can prioritize examinations for specialist
review. Training on isolated, high-quality frames is insufficient because routine studies contain acoustic
shadowing, incomplete windows, variable gain, and operator-dependent probe orientation. Video-level
evaluation is preferable when the intended input is a full examination. cUS is also less sensitive to
diffuse WMI, so a negative automated result cannot exclude injury or replace later MRI [7]. Its most
credible near-term role is therefore quality-aware triage and serial measurement rather than autonomous
diagnosis.

3.2. Anatomical and microstructural assessment with MRI

MRI provides superior tissue contrast and multiparametric information at term-equivalent age. T1-
and T2-weighted sequences support tissue segmentation, volumetry, cortical morphometry, ventricular
measurement, and assessment of lesion burden [8]. Diffusion-weighted imaging can reveal acute
restriction, while diffusion tensor imaging characterizes tract organization through measures such
as fractional anisotropy. Functional and metabolic sequences add information about networks and
tissue biochemistry [9, 10]. These inputs extend automated analysis from anatomical segmentation to
punctate-lesion detection, maturation or brain-age estimation, and neurodevelopmental prediction.

The same richness creates modeling challenges. Gray-white contrast changes rapidly during the
preterm period, so a fixed tissue appearance cannot be assumed across gestational ages. Motion may
remove precisely the examinations from the least stable infants, and registration errors can propagate
into regional measurements or multimodal fusion. Scanner field strength, sequence parameters, and
reconstruction methods also alter contrast. Evaluation should therefore report performance by develop-
mental stage and acquisition setting, and it should distinguish failure of image quality from absence of
disease. MRI automation is currently most defensible for reproducible structural quantification; more
complex prognostic outputs require evidence that imaging adds information beyond routinely available
clinical variables.

3.3. Matching modality to decision

The clinical decision determines the acceptable error and the appropriate unit of evaluation. Screening
prioritizes sensitivity, rapid turnaround, and false-negative analysis; grading requires reproducible
definitions and agreement with specialists; segmentation requires anatomically plausible boundaries and
stable measurements; prognosis requires calibration, clinically meaningful horizons, and improvement
over established risk factors. A single headline metric cannot represent all four tasks.

Early cUS and later MRI are complementary rather than interchangeable. Longitudinal models
should align observations by infant and developmental age, preserve the order of serial examinations,
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and distinguish an unavailable MRI from a negative MRI finding. Fusion models should also be
compared with cUS-only, MRI-only, and clinical baselines to show that added complexity provides
added value [11]. Repeated scans from one infant must remain within the same data partition to prevent
leakage. This decision-centered design reduces the risk that a model learns acquisition timing, scanner
identity, or follow-up availability instead of injury biology.

The handoff between modalities should also be defined clinically. Serial cUS can establish the
onset and progression of hemorrhage or ventricular enlargement and identify infants who require
additional assessment. MRI can then refine the extent of non-cystic WMI, cortical or deep-gray-
matter involvement, and altered tract development near term-equivalent age. A longitudinal AI system
should preserve this asymmetry instead of treating all inputs as simultaneous measurements. Its output
should indicate which modality supports each conclusion and whether a change represents new injury,
resolution, or delayed maturation. This structure makes multimodal analysis interpretable as a care
pathway rather than as an opaque fusion of features.

4. AI methods and current evidence

4.1. From anatomical priors to task-specific deep learning

Early neonatal pipelines addressed limited contrast with atlases, deformable models, spatial priors, and
explicit partial-volume estimation. AdaPT, for example, used an expectation-maximization framework
to preserve anatomical consistency in preterm MRI [12]. These approaches were interpretable and
data-efficient, but their performance depended on registration quality and on how well population
priors represented an individual infant.

CNNs shifted the field toward end-to-end feature learning. Multimodal networks learned com-
plementary information from T1, T2, and diffusion-derived inputs, improving tissue segmentation
during periods of poor gray-white contrast [13]. Residual and three-dimensional architectures then
expanded the receptive field while retaining fine spatial detail [14]. Task-specific designs followed:
residual U-Nets quantified diffuse white matter abnormality, graph networks represented connectome
topology, and generative methods emphasized small lesions that occupy only a small fraction of the
image [15–17].

Table 1. Representative computational approaches in infant brain analysis. Reported results are not
directly comparable because datasets and evaluation protocols differ.

Model Year Architecture Primary task Main contribution Reported evidence

AdaPT [12] 2013 Statistical EM Tissue segmenta-
tion

Spatial priors and partial volume Better than standard EM

Deep CNN [13] 2015 3D CNN Isointense seg-
mentation

T1/T2/FA fusion Better than SVM/RF baselines

BrainNetCNN
[18]

2017 Graph CNN Age prediction Edge-to-edge connectome filters Error approximately 2 weeks

VoxResNet [14] 2018 Residual CNN Brain segmenta-
tion

Deep residual learning Challenge-leading result

3D ResU-Net
[15]

2021 Residual U-Net DWMA quantifi-
cation

Automated lesion volumetry Dice 0.907

BC-GCN [16] 2022 Graph CNN Age prediction Connectome path convolution MAE 49.9 days
Generative detec-
tor [17]

2023 Generative model PWML detection Counterfactual learning Improved small-lesion detection

SCL-GCN [19] 2024 Contrastive GCN Outcome predic-
tion

Supervised contrastive learning AUC 0.72–0.75

SegMamba [20] 2024 State-space model 3D segmentation Efficient long-range modeling Lower memory requirement
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Recent contrastive and state-space models aim to use limited labels more efficiently and capture
long-range dependencies in volumetric data [19, 20]. Their novelty does not by itself establish clinical
superiority. Table 1 shows the transition from anatomical priors to task-specific deep learning; reported
values remain dataset-specific and should not be interpreted as a direct ranking.

4.2. Prediction, multimodal representation, and emerging models

Segmentation produces measurements that can be checked directly against anatomy, whereas prediction
asks whether imaging contains information about maturation or later outcome. BrainNetCNN intro-
duced filters that operate on connectome edges and demonstrated that network structure could support
developmental-age estimation [18]. Later graph and supervised-contrastive approaches combined
structural or functional connectivity with representation learning for brain-age and neurodevelopmen-
tal prediction [16, 19]. These studies broaden the target beyond visible lesions, but their endpoints,
follow-up ages, and clinical covariates vary substantially.

Multimodal models may combine morphometry, lesion burden, diffusion measures, functional
connectivity, and perinatal variables. Fusion can occur at the input, feature, temporal, or decision
level. A useful model must remain evaluable when a modality is missing, because unstable infants
may not receive MRI and follow-up loss is rarely random. Performance should therefore be compared
with clinical-only and single-modality baselines, followed by ablation analysis showing which source
contributes information.

The reviewed datasets fall into three functional groups. Small challenges such as iSeg-2017 and
NeoBrainS12 provide standardized comparisons for tissue segmentation, but their limited training
sets are better suited to benchmarking than to estimating clinical generalization. High-quality fetal
and neonatal resources such as the developing Human Connectome Project support atlas construction,
representation learning, and method development. Adult benchmarks, including BraTS or MRBrainS,
may test an architecture or provide pretraining data, but performance on them does not validate a
neonatal application.

Clinical cohorts address more specific questions. CINEPS links structural and diffusion MRI with
neurodevelopmental prediction, while Multi-CP provides multicenter conventional MRI for cerebral-
palsy prediction [19, 21]. The DWMA cohort supports lesion quantification with separate development
and test infants [15]. Other studies use smaller prospective MRI cohorts or large collections of
ultrasound images for outcome prediction and screening. These scales are not directly comparable:
an image count may contain many correlated frames from relatively few infants, and a large research
dataset may contain few relevant injuries. Final validation must therefore report the number of infants,
centers, examinations, and outcome-complete cases and must use the intended population, acquisition
pathway, and endpoint.

4.3. What the evidence currently supports

As shown in Figure 2, structural MRI segmentation has the most consistent technical evidence because
it benefits from established anatomical labels, public challenges, and directly interpretable overlap
measures. Evidence is less mature for cUS automation, punctate or diffuse lesion detection, functional
imaging, multimodal prognosis, and testing across centers. This pattern reflects both data availability
and the increasing distance between an image label and a clinical outcome.

Evaluation should match the intended decision. Segmentation studies should report overlap together
with surface or regional errors, because a high whole-brain Dice score can conceal clinically important
boundary failures. Detection studies need lesion-level sensitivity, false positives per examination, and
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performance on negative studies rather than accuracy dominated by normal pixels. Prognostic studies
should report discrimination, calibration, confidence intervals, and added value beyond a prespecified
clinical baseline. Where repeated examinations exist, all images from one infant must remain in one
partition.

Evidence should also be stratified by gestational age, site, scanner or ultrasound device, image
quality, and injury subtype. External testing is strongest when thresholds and preprocessing are fixed
before the new center is evaluated. Reader comparisons are useful for grading or detection, but
agreement with a reference label is not equivalent to improved care. The present literature therefore
supports automated structural quantification more strongly than autonomous diagnosis or prognosis.
The central scientific gap is reliable performance across realistic settings, not the ability to fit a selected
neonatal dataset.
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Figure 2. Evidence map by modality and task. Structural MRI segmentation has the strongest evidence,
while multimodal fusion, functional imaging, prognosis, and external validation remain limited.

5. Barriers and minimum deployable pipeline

5.1. Barriers to trustworthy translation

Translation is constrained by mismatches between curated research data and routine neonatal care.
Developmental appearance changes over weeks, while scanner protocols, reconstruction settings,
ultrasound devices, and operator technique vary between sites. A model may therefore encounter a
combination of anatomy and acquisition that was rare or absent during training. MRI availability is
also related to physiological stability: infants who cannot be transported are not a random missing-data
group. Treating their absent examination as an ordinary blank input can introduce systematic bias.

Reference labels create a second limitation. Tissue boundaries and diffuse abnormalities may have
substantial reader variation, whereas rare but consequential lesions produce severe class imbalance.
Consensus annotation can improve consistency but does not eliminate uncertainty about evolving
injury. Dataset construction should record label source, reader expertise, adjudication, and the time
between imaging and clinical events. Otherwise, an apparently precise model may reproduce an
unstable definition.
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Operational constraints are equally important. cUS triage may need results during acquisition,
while MRI segmentation can run before scheduled reporting. Both require traceable preprocessing
and model versions, a defined response when input quality is inadequate, and clear responsibility for
accepting or overriding an output. Interfaces that display a confident result without its limitations
can promote automation bias. Retrospective accuracy is therefore only one component of readiness;
turnaround, failure behavior, auditability, and compatibility with local responsibility determine whether
performance can transfer safely to a new neonatal unit.
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Figure 3. Minimum deployable pipeline for neonatal imaging AI. Quality control precedes inference;
calibration and uncertainty accompany each prediction; and a safety gate routes low-quality or

low-confidence cases to human review.

5.2. Minimum deployable pipeline

As shown in Figure 3, the minimum deployable pipeline has three linked phases. First, input governance
verifies modality, sequence, spatial resolution, required views, motion, signal quality, and missing data
before inference. Examinations outside prespecified limits should be rejected or sent for reacquisition
rather than forced through the model [22]. The same checks must be applied during development and
deployment so that quality rules do not change silently.

Second, robust inference combines infant-level testing with calibrated probabilities or uncertainty
estimates. Validation on a held-out center should use a locked model and thresholds; uncertainty should
define when the system abstains rather than serve only as an additional visualization [21, 23]. Third,
the clinical interface presents the relevant measurement, lesion location, confidence, and comparison
with prior imaging. Low-quality or low-confidence cases are routed to human review, and every
output, override, and software version is logged. Monitoring after release should track input drift,
abstention frequency, turnaround, subgroup performance, and clinically important errors. In this
pipeline, abstention and a defined failure pathway are part of the clinical output, not signs that the
model is incomplete.

Presentation should be task-specific. A cUS triage tool may display the acquired view, suspected
abnormality, ventricular measurement, and change from the previous examination while the operator
is still at the bedside. An MRI tool can return tissue or lesion overlays, regional volumes, quality
flags, and developmental reference values before formal reporting. These outputs should enter the
existing picture archiving or electronic record workflow rather than require a separate research interface.
Interpretability should emphasize anatomically localized findings and quantitative comparison, not a
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generic heatmap. Corrections made during review can support audit and later quality improvement, but
they should not update a deployed model without controlled versioning and revalidation.

6. Discussion and future opportunities

For imaging and clinical tasks, future cohorts should be organized around decisions rather than around
whichever sequence is available. A longitudinal design could link early serial cUS, term-equivalent
structural and diffusion MRI, treatment exposures, and standardized developmental follow-up. Imaging
time should be represented relative to gestational and postmenstrual age, and the reason an examination
was omitted should be retained. Such cohorts would support separate questions: early detection of IVH
or ventricular expansion, quantification of diffuse injury near term, and prediction of later impairment.
Multimodal models should be required to outperform clinical-only and single-modality baselines and
should demonstrate whether earlier information changes the timing or confidence of a decision.

For methods and evidence, limited annotation should motivate better use of unlabeled data rather
than increasingly complex models trained on the same small cohorts. Self-supervised temporal or
cross-modal pretraining could learn neonatal representations before task-specific fine-tuning, while
semi-supervised methods could use examinations without complete lesion labels. Federated analysis
may widen institutional representation when data cannot be centralized, but harmonized definitions
and independent testing remain necessary. Models should be assessed on held-out centers with prereg-
istered endpoints, subgroup calibration, and sensitivity analyses for missing modalities. Generative
augmentation requires special caution: synthetic examples should be evaluated for anatomical fidelity,
lesion preservation, and the possibility that generated patterns make classification artificially easy.
Architecture comparisons should control preprocessing, splits, and baselines so that improvement can
be attributed to the model rather than to study design.

For clinical translation, evaluation should proceed in stages. After retrospective multicenter testing,
silent deployment can measure data availability, failure frequency, and turnaround without influencing
care. Reader studies can then determine whether AI improves sensitivity, agreement, or reporting
efficiency and whether benefit differs by experience. Prospective impact studies should assess man-
agement changes, unnecessary follow-up, missed injuries, workload, and automation-related errors,
not only model accuracy. Protocols should prespecify who reviews abstained cases, how updates are
controlled, and when performance deterioration triggers suspension. Patient and family communication
also requires careful framing because prognostic probabilities are not deterministic outcomes. The
most valuable future system will therefore be one that improves a defined neonatal workflow while
preserving expert judgment and transparent responsibility.

7. Conclusion

This focused review identifies structural MRI segmentation as the application closest to routine use,
while cUS triage, subtle-lesion detection, and multimodal prognosis remain less mature. The most
practical starting point is a decision-specific workflow that combines modality-appropriate quality
control with infant-level external validation and transparent human review. Future studies should model
developmental time, preserve clinically informative missingness, and compare AI against both clinical
and single-modality baselines. Translation should then progress through silent deployment, reader
studies, and prospective multicenter impact evaluation using calibration, reporting time, workload,
management change, and safety errors as endpoints. In this way, AI can support rather than replace
neonatal expertise. The immediate research priority is therefore not another isolated high-accuracy
model, but an auditable, uncertainty-aware pipeline that connects serial cUS and term-equivalent
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MRI to reproducible decisions and long-term neurodevelopmental outcomes. This staged approach
would provide stronger evidence that technical performance produces safe, equitable, and clinically
meaningful benefit for preterm infants.
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