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Editorial on the Research Topic

Recent advances in pediatric neuroradiology

Pediatric neuroradiology is crucial for identifying abnormalities, tracking disease course,

and planning treatment and assessing its efficacy in children and adolescents. The

advancements in imaging techniques [magnetic resonance imaging (MRI), computed

tomography (CT), and ultrasound (US)] and the latest integration of artificial

intelligence (AI) have dramatically improved the pediatric neuroradiology field in both

research and clinical practice. This Research Topic brings together novel studies that

advance our current knowledge on pediatric imaging techniques, diagnostic procedures,

and early brain development.

One of the key challenges in studying neonatal brain architecture is that during early

postnatal period, brain tissue contrast and structural morphology (size, shape, and

complexity) change dynamically. Since ultra-high field MRI at 7T effectively improves

signal-to-noise ratio (SNR) and tissue contrast in adult brains, it appears to be a viable

solution for neonatal brains. However, safety issues and regulatory constraints preclude

7T MRI acquisition from neonates. To account for this, Bridgen et al., proposed a safe

7T imaging protocol for neonates and demonstrated its improved performance for

neonatal brain imaging.

Early personalized intervention remains a cornerstone in pediatric care and thus

requires accurate disease diagnosis. Congenital hydrocephalus is one of the most

prevalent neurological conditions in fetuses and neonates, and its incidence has

increased in lower and middle-income countries (LMIC). MRI is a powerful diagnostic

tool for this condition; however, it has limited availability in LMIC. An alternative is a

portable ultra-low field MRI at 0.064 T, allowing bedside imaging. The application

of this imaging technique was presented in a case report by Groteklaes et al., to

diagnose pathologies in neonates born with congenital hydrocephalus. Another study

(Sidorenko et al.) developed a predictive model based on measured clinical parameters

and mathematically computed cerebral blood flow to stratify preterm infants at

increased risk of developing intraventricular hemorrhage.

By capturing precise structural changes, neuroimaging biomarkers facilitate the

detection of atypicalities early on. Ciceri et al., investigated the fetal brain gyrification
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process by quantifying different shape descriptors of cortical

surfaces and predicted gestational age as a means to monitor

normal fetal brain growth and identify deviations manifested in

ill-formed cortical plate due to several pathologies such as spina

bifida. Trimarco et al. studied the growth of thalamic volumes in

very preterm infants and the neurodevelopmental outcomes at 2

years of age. Segmentation plays a key role in getting regional

predictive markers. To this end, Xi et al., developed a deep

learning segmentation model for CT scans of the 2-year-olds and

analyzed region-specific volumes. In addition to macrostructural

properties of the brain, microstructural properties computed

from diffusion MRI are also important. Verschuur et al.,

assessed the feasibility of constrained spherical deconvolution

(CSD) in reconstructing crossing fibers from neonatal data

and also analyzed the impact of spatial and angular resolution,

as well as processing parameters, on tractography and

quantitative metrics.

This Research Topic also includes two review articles: (i) Shen

and Zhou, discussed advancements in studying attention-deficit/

hyperactivity disorder (ADHD), including insights from

neuroimaging, and (ii) Zhang et al., presented a pediatric case on

myelin oligodendrocyte antibody-associated transverse myelitis

(MOG-TM) and discussed their findings in the context of

previous observations.

To summarize, this special issue covers a breadth of topics in

pediatric neuroradiology that will inform the readers about the

latest advancements in neuroimaging, image analysis, brain

development, and disease diagnosis.
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High resolution and contrast 7
tesla MR brain imaging of the
neonate
Philippa Bridgen1,2, Raphael Tomi-Tricot1,3,4,5, Alena Uus3,4,
Daniel Cromb3, Megan Quirke2,3, Jennifer Almalbis2,3,
Beya Bonse2,3, Miguel De la Fuente Botella2,3,
Alessandra Maggioni2,3, Pierluigi Di Cio1,2, Paul Cawley2,3,
Chiara Casella3, Ayse Sila Dokumaci4, Alice R. Thomson3,6,
Jucha Willers Moore3,6, Devi Bridglal3, Joao Saravia3,
Thomas Finck3, Anthony N. Price2,3, Elisabeth Pickles1,2,4,
Lucilio Cordero-Grande3,4,7, Alexia Egloff2,3,
Jonathan O’Muircheartaigh3,6,8, Serena J. Counsell3,
Sharon L. Giles1,2,4, Maria Deprez3,4, Enrico De Vita1,3,4,9,
Mary A. Rutherford2,3,6, A. David Edwards2,3,6, Joseph V. Hajnal1,3,4,
Shaihan J. Malik1,3,4† and Tomoki Arichi2,3,6*†

1London Collaborative Ultra High Field System (LoCUS), King’s College London, London,
United Kingdom, 2Guys and St Thomas’ NHS Foundation Trust, London, United Kingdom, 3Centre for
the Developing Brain, School of Biomedical Engineering and Imaging Sciences, King’s College London,
London, United Kingdom, 4Biomedical Engineering Department, School of Biomedical Engineering and
Imaging Sciences, King’s College London, London, United Kingdom, 5MR Research Collaborations,
Siemens Healthcare Limited, London, United Kingdom, 6MRC Centre for Neurodevelopmental
Disorders, King’s College London, London, United Kingdom, 7Biomedical Image Technologies, ETSI
Telecomunicación, Universidad Politécnica de Madrid and CIBER-BBN, ISCIII, Madrid, Spain,
8Department of Forensic and Neurodevelopmental Sciences, Institute of Psychiatry, Psychology and
Neuroscience, King’s College London, London, United Kingdom, 9MR Physics, Radiology Department,
Great Ormond Street Hospital for Children, London, United Kingdom
Introduction: Ultra-high field MR imaging offers marked gains in signal-to-noise
ratio, spatial resolution, and contrast which translate to improved pathological and
anatomical sensitivity. These benefits are particularly relevant for the neonatal
brain which is rapidly developing and sensitive to injury. However, experience of
imaging neonates at 7T has been limited due to regulatory, safety, and practical
considerations. We aimed to establish a program for safely acquiring high
resolution and contrast brain images from neonates on a 7T system.
Methods: Images were acquired from 35 neonates on 44 occasions (median age
39 + 6 postmenstrual weeks, range 33 + 4 to 52 + 6; median body weight 2.93 kg,
range 1.57 to 5.3 kg) over a median time of 49 mins 30 s. Peripheral body
temperature and physiological measures were recorded throughout scanning.
Acquired sequences included T2 weighted (TSE), Actual Flip angle Imaging (AFI),
functional MRI (BOLD EPI), susceptibility weighted imaging (SWI), and MR
spectroscopy (STEAM).
Results: There was no significant difference between temperature before and after
scanning (p = 0.76) and image quality assessment compared favorably to state-of-
the-art 3T acquisitions. Anatomical imaging demonstrated excellent sensitivity to
structures which are typically hard to visualize at lower field strengths including
the hippocampus, cerebellum, and vasculature. Images were also acquired with
contrast mechanisms which are enhanced at ultra-high field including
susceptibility weighted imaging, functional MRI, and MR spectroscopy.
01 frontiersin.org7
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Discussion: We demonstrate safety and feasibility of imaging vulnerable neonates at
ultra-high field and highlight the untapped potential for providing important new
insights into brain development and pathological processes during this critical
phase of early life.

KEYWORDS

magnetic resonance imaging (MRI), ultra-high field MRI, neonate, infant, brain,

neuroradiology
Introduction

During the neonatal period (the time of birth and the first few

weeks of postnatal life), the human body undergoes a series of

highly programmed yet rapid sequences of physiological and

anatomical maturation which enable adaption to the demands of

the new ex utero environment. In this critical juncture, dramatic

developmental changes are similarly seen within the human

brain, as the cortex rapidly expands and folds and axonal

projections proliferate within the white matter (1),

neurotransmitter action and receptor density evolve (2), and

distinct correlated network patterns of functional activity emerge

(3). The fundamental importance of this period is emphasized by

the effects of congenital or acquired perinatal brain pathology,

which invariably result in life-long alterations in brain structure

and function and can lead to later neurodisability. Furthermore,

multiple lines of evidence now suggest that the previously

unknown underpinnings of the brain abnormalities that underlie

mental health disorders and neurological diseases in adulthood

also likely begin in the perinatal period, well before symptoms

or behavioural difficulties manifest later in life (4). There is

therefore a clear need for tools which can not only accurately

identify pathology in the neonatal period but can also act

as novel biomarkers for later outcome and provide

mechanistic insight into pathophysiological processes to

inform potential treatments.

In recent years, MR imaging at ultra-high field [7 Tesla (T) or

higher] has become increasingly used in adult subjects due to the

significant gains in signal-to-noise-ratio (SNR) and differences in

tissue contrast it offers over standard MR systems (1.5 or 3T)

(5). The increased SNR can then be used to increase image

resolution whilst maintaining image quality. This has proved to

be particularly clinically beneficial for enhancing diagnosis and

understanding about diseases which affect the cortex such as

drug-resistant focal epilepsy where no relevant lesion has been

identified at standard field strengths (6) and cerebral vasculature

such as small-vessel stroke (7). Furthermore, numerous studies

have demonstrated that ultra-high field imaging can provide

profound new insights into brain physiology, particularly using

contrast mechanisms based on magnetic susceptibility such as

blood-oxygen-level-dependent (BOLD) functional MRI (fMRI),

where the increased sensitivity and spatial specificity enable

characterization of neural activity at a cortical laminar level (8);

and Magnetic Resonance Spectroscopy (MRS) where there is

improved separation of overlapping frequency peaks (9). Imaging

at 7T for neonates is therefore a compelling prospect, as it could
028
theoretically enable more detailed visualization of key

developing brain structures, improved understanding about

pathophysiological processes, and reduced prognostic uncertainty.

Despite the likely benefits, regulatory barriers and safety

concerns have thus far prevented widespread application of 7T

MR imaging in neonates, with only a single study previously

demonstrating feasibility (10). Furthermore, detailed safety

modelling has demonstrated that careful planning is required as

there are higher risks associated with increased specific

absorption rate (SAR) and temperature instability in neonates

compared to adults under the same conditions at 7T (11). A

further consideration is that the composition of neonatal brain

tissue differs markedly from that of the mature adult brain, and

thus image acquisition sequence parameters must be adapted

accordingly to account for significantly different field-dependent

tissue relaxation times (12). With these factors in mind, we

aimed to establish a 7T imaging program for neonates following

a comprehensive safety assessment. We describe our resulting

safety approach, initial experiences, and results, and demonstrate

the potential gains in anatomical and pathological sensitivity for

the neonatal population.
Materials and methods

All examinations took place on a Siemens Magnetom Terra 7T

system (Siemens Healthineers, Erlangen, DE) in the London

Collaborative Ultra-high field System (LoCUS) centre at St

Thomas’ Hospital London. National ethics committee approval

(NHS REC: 19/LO/1384) was attained for the work and all

images were acquired following parental consent.
Safety

Previous neonatal modelling suggests that close monitoring of

infant body temperature is imperative for MRI scanning, as

neonates can become rapidly hypothermic if not sufficiently

insulated (due to reduced subcutaneous fat in comparison to

adults) (13) or could become hyperthermic due to systemic

heating inherent in prolonged radiofrequency (RF) exposure

(11, 14). The latter is an important consideration at ultra-high

field as in addition to their small body size, the higher water

content of neonatal tissue leads to significantly different dielectric

properties in comparison to adults. Taking this into account, a

recent detailed RF safety simulation using a head-centered model
frontiersin.org
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within a local transmit coil of the generic type deployed in the

Siemens Terra scanner, has shown that SAR is likely elevated in

neonates at ultra-high field in comparison to adults being

scanned under the same conditions (11). This is in contrast to

lower field strengths (3 Tesla or less) where heating was

predicted to be less. As the study for 7T indicated that systemic

(rather than localized) heating posed the most likely risk, further

mitigation was achieved by mandating continuous monitoring of

axillary temperature in addition to heart rate and oxygen

saturation throughout the examination. This was achieved using

a Philips Invivo Expression MR400 monitor (Philips Healthcare,

Gainesville, FL) which was tested to verify safety/efficacy for use

at 7T (15).

To further mitigate the risk of potential temperature effects and

following a local risk assessment, the scanner software was

modified for imaging neonates to use a more conservative SAR

estimation. Following IEC guidelines (60601-2-33) the head-

average SAR is subject to a limit of 3.2 W/kg and local 10 g

averaged SAR is subject to limits of either 10 W/kg or 20 W/kg

when operating in normal or first level controlled modes

respectively, as selected by the operator. SAR is estimated within

the scanner software by multiplying measured RF power (PRF) by

a multiplicative factor (k) fixed within the scanner software. This

factor is typically determined by simulation, but is only valid for

the range of body types/positions simulated by the manufacturer.

Since for larger subjects the local SAR is expected to be the

limiting factor, the Siemens Terra scanner is configured to

actively control local SAR (not head averaged SAR) when the

head coil is used. However, our simulation study (11) suggested

that as power is increased, the limiting factor for neonates would

actually be head-averaged SAR exceeding the 3.2 W/kg limit. To

account for this we modified the k value within the scanner to

take a value of 2.8, which we calculated would mean that the

head-averaged SAR would not exceed IEC guideline limits.

Further details are given in Appendix 1. A robust process was

developed to allow this configuration change to occur safely:

software changes result in the displayed name of the coil

changing (as a visual check) and then updated SAR estimates are

experimentally confirmed by scanning a phantom before and

after switching. The process is set out using a detailed checklist

which must be signed-off before each scanning session by two

authorized personnel.

Acoustic noise testing was carried out using an OptiSLM device

(Optoacoustics Ltd, Israel) to measure the sound pressure level

(dBA) of each acquisition sequences whilst scanning a phantom

with the microphone attached to the phantom (measured sound

pressure levels associated with each sequence are detailed within

Table 1). The maximum sound pressure level recorded for the

sequences used was 95 dBA.
Image acquisition

Images were successfully acquired from 35 neonates (24 male)

of median postmenstrual age at scan: 40 + 0 weeks (range 33 + 4–

52 + 6 weeks); median gestational age at birth: 35 weeks (range
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27 + 64–42 + 1 weeks); median body weight at scan: 2.9 kg (range

1.64–5.3 kg) (study population details can be seen in Table 2,

with individual clinical diagnoses outlined in the Supplementary

Table). Examinations took place on 44 occasions lasting a

median total of 49 min 30 s (range 20–77 min), with 41 min 15 s

of active scanning when the full core protocol was completed.

9 infants were imaged both in the preterm period and at term

equivalent age; and one infant with congenital heart disease was

imaged both pre-operatively and post-operatively. 18 infants

additionally had images acquired on a 3T system (Achieva,

Philips, Best NL) with 32ch receive head coil, with a further

subset of 5 infants having the 3T scan within 24 h of the 7T

scanning session for direct comparison. T2 images were acquired

on the 3T system with a turbo spin echo (TSE) sequence with

parameters 0.8 mm × 0.8 mm × 1.6 mm, TR/TE 12,000/156 ms

and a SENSE factor of 2.11. This corresponds to an overall

reduction in voxel volume of factor 2.4 in comparison to those

acquired on the 7T system. All Images were reviewed by

experienced neonatal neuroradiologists (AE, JS, TF, MAR).

Participants were positioned supine headfirst in the isocenter of

a 1TX-32RX Nova head coil with the aid of foam and inflatable

pads (Pearltec, Zurich CH) to help reduce head movement and

to ensure that maximum signal was received from all elements of

the head coil. Participants were scanned during natural sleep

following feeding and were then swaddled and immobilized

inside 2 pre-warmed blankets and a vacuum evacuated bag

(Pearltec, Zurich CH). Hearing protection was applied using

molded dental putty in the external auditory meatus (President

Putty, Coltene Whaledent, Mahwah, NJ, USA) which provides

22dB of acoustic protection (16). Together with additional

acoustic protection from the inflatable pads (∼7 dB), the

combination brings sound pressure levels to well below those

defined in UK MHRA guidance (https://assets.publishing.service.

gov.uk/government/uploads/system/uploads/attachment_data/file/

958486/MRI_guidance_2021-4-03c.pdf). Two infants with

congenital cardiac disease were receiving a continuous

intravenous prostaglandin E1 (PGE1) infusion (with the infusion

pumps outside the examination room) during image acquisition

to maintain patency of the ductus arteriosus. All scans were

supervised by experienced clinical staff (a doctor and nurse) with

appropriate training in neonatal care and resuscitation who also

reviewed the neonates’ temperature and vital sign measurements

throughout scanning.

In all infants, the following were acquired high-resolution 2D

T2-weighted images (T2W) in at least 2 orthogonal planes, mid

brain and cerebrum, MR spectroscopy (MRS) including metabolite

T1 estimation, 3D susceptibility weighted imaging (SWI), and

Blood Oxygenation Level Dependent (BOLD) functional MRI

(fMRI) were acquired. Actual Flip angle Imaging (AFI) B1
+

mapping (17) was obtained in 15/44 cases (due to time

constraints). Sequence parameters were selected initially from those

optimized at 3T for the developing Human Connectome Project

(18) and were then iteratively adapted to maximize SNR and

resolution (parameters for all acquisitions are detailed in Table 1).

To address intra-volume motion artifacts, as well as provide

increased signal-to-noise ratio (SNR) and image resolution, T2
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TABLE 1 Acquisition sequence parameters.

Sequence Resolution
(mm)

FOV
frequency

TR
(ms)

TE
(ms)

Acceleration
factor

FA
(deg)

Other
parameters

Acquisition
time (min)

Measured sound
pressure level

(dBA)
Localizer 0.7 × 0.7 × 5.0 250 × 250 mm 4,000 107 GRAPPA 4 115 0:22 92.0

B0 map 5.0 × 5.0 × 5.0 210 × 220 mm 10.0 1.02,
2.26,
4.08

none 10 019 95.0

T2—axial 0.6 × 0.6 × 1.2 141 × 151 mm 8,640 156 GRAPPA 2 120 – 2:37 93.3

T2—sagittal 0.6 × 0.6 × 1.2 154 × 125 mm 8,640 156 GRAPPA 2 120 – 3:12 90.8

T2—coronal 0.6 × 0.6 × 1.2 154 × 125 mm 8,640 156 GRAPPA 2 120 – 3:29 94.7

AFI 2.2 × 2.2 × 3.0 140 × 140 141 1.93,
3.62,
9.00

GRAPPA 3 60 1:54 90.5

MRS (STEAM) 16 × 16 × 16 – 3,000 20 none 90 TM = 10 ms 2:45 60.0

BOLD fMRI (GRE-
EPI)

1.0 × 1.0 × 1.0 125 × 125 mm 2,560 43 GRAPPA 3
Multiband 3

90 (exc)
110
(deg)

– 7:26 94.2

Susceptibility
weighted imaging
(SWI)

0.2 × 0.2 × 1.2 122 × 150 mm 22 15 GRAPPA 3 15 – 2:12 95.2

FOV, field of view; TR, repetition time; TE, echo time; FA, flip angle; TI, inversion time; GRAPPA, GeneRalized autocalibrating partial parallel acquisition; TM, mixing time;

STEAM, STimulated echo acquisition mode; AFI, actual flip-angle imaging; GRE-EPI, gradient echo echo planar imaging.

TABLE 2 Summary clinical characteristics of the patient population
imaged on the 7 tesla MR system.

Total number of examinations 44

Total number of subjects (sex) 35 (24 male; 11 female)

Median gestational age at birth in weeks + days
(range)

35 weeks + 0 days (range
27 + 6–42 + 1)

Median post-menstrual age at scan in weeks + days
(range)

40 weeks + 0 days (range
33 + 4–52 + 6)

Median weight at scan in kg (range) 2.9 kg grams (range 1.6–
5.3 kg)

Median head circumference at scan in cm (range) 34 cm (range 28–39.5 cm)

Clinical background:

Healthy control delivered at full term 5

Preterm birth 17

Congenital cardiac disease 5

Antenatally diagnosed brain abnormality 5

(agenesis of the corpus callosum; ventriculomegaly;
congenital viral infection)

Other (hypoxic ischaemic injury, intracerebral
hemorrhage, inherited metabolic disease)

3

Median total examination duration in minutes, second
(range)

49 min 30 s (range 20–
77 min)
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images of different orientations were combined into a single high-

resolution volume with isotropic resolution 0.45 mm using Slice to

Volume Reconstruction (SVR) as implemented in SVRTK (https://

svrtk.github.io). Each acquired image was split into odd and even

stacks of slices, and heavily motion corrupted resulting stacks

were excluded after visual inspection. Remaining stacks were co-

aligned using volumetric registration and reconstructed into a

single isotropic volume using a super-resolution algorithm (19).

Reconstructed images were then tissue segmented, region

parcellated and surfaces generated using the developing Human

Connectome Project (dHCP) structural pipeline (https://github.

com/BioMedIA/dhcp-structural-pipeline) (20). Native and SVR

image quality were assessed by visual review of the T2-weighted
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images with two reviewers (PB, TA) using a grading system of

1−4 previously used in the dHCP (20): where (1) is a poor

quality image, (2) is an image with significant motion artifact,

(3) is an image with negligible motion artifact; and (4) is a good

quality image (example images shown in Figure 1A).

BOLD fMRI resting state networks were delineated following

standard preprocessing steps including rigid body motion

correction, high pass temporal filtering, slice time correction, and

spatial smoothing (Gaussian filter of full-width half maximum

3 mm) and using independent component analysis (ICA) as

implemented in MELODIC v3.0, part of the FSL software library

(www.fmrib.ox.ac.uk/fsl) (21). Minimum intensity projection

(MIP) images were prepared from the magnitude and phase SWI

data using CLEAR-SWI (22). Metabolite concentrations were

estimated from the MRS data following pre-processing using

Suspect-MRS (https://suspect.readthedocs.io/en/latest/) including

optimal channel-combination (23), eddy current correction,

spectral registration and outlier rejection (24). LCModel (25) was

then used for metabolite fitting with basis sets generated by

Tarquin (brain + Gly + Glth) (26).
Results

All infants tolerated scanning on the 7T system, with stable

vital signs throughout the scan session. There were no adverse

events during image acquisition and there were no concerns

expressed about discomfort or altered behaviour reported by

clinical staff or parents either during or in the 24 h subsequent

to the scanning session. Infant axillary temperature remained

stable throughout image acquisition, with no significant

difference in temperature measurements at the start of scanning

(median 36.9 degrees centigrade, range 35.5−37.4) and at the end

of scanning (median 36.8 degrees centigrade, range 35.6−37.7)
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FIGURE 1

Image quality assessment. (A) Shown are representative images depicting quality of the native images as assessed using a previously described score
(20), where (1) is a poor quality image (2) image contains significant motion artefact, (3) image with negligible motion artefact and (4) good quality
image. (B) Image quality assessment results for the native T2-weighted images and (C) for the slice-to-volume reconstructed T2-weighted images.
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on the 7T system (paired t-test: p = 0.76, Figure 2). This included

the youngest preterm infant studied, who weighed 1.58 kg.

Images from the AFI sequence (Figure 3) show that relative B1
+

magnitude is non-uniform over the brain. The example map shown

(Figure 3A) is typical of what was seen across all infants studied,
FIGURE 2

Infant temperature during scanning on the 7T system. There was no significan
(right) of the imaging session on the 7T system (paired two tailed t-test: p= 0
centile (box borders) and data range (whiskers). Data outliers are denoted b
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with a “center brightening” of the B1
+ magnitude, and lower

values seen peripherally, particularly in superior regions. The FSL

brain extraction tool (BET) (27) was used to define a brain mask

to then compute whole-brain histograms of B1
+ magnitude,

shown in Figure 3B. The histograms are consistent across all
t difference between infant axillary temperature at the start (left) and end
.76). Box and whisker plots showing data median (bold line), 25th and 75th
y circles.
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FIGURE 3

B1
+ maps from 15 infants. (A) Example B1

+ map obtained with AFI sequence, shown in relative units (i.e., relative to nominal B1
+). The white contour marks

the approximate brain outline. (B) Histograms of relative B1
+ magnitude within the brain mask in 15 subjects. The yellow box shows the range of median

relative B1
+ (0.69−0.78).
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infants and show that the median B1
+ over the brain was in the

range 0.69−0.78 (relative to nominal value) with the central

bright spot reaching values approximately 20%−30% higher than

nominal value.

In infants with paired studies, expert neuroradiology review of

the T2 weighted anatomical images acquired at 7T was considered

in all cases to be equivalent or higher in comparison to those

acquired at 3T. In addition, the higher tissue contrast and spatial

resolution of the 7T images resulted in improved visualization of

specific structures which are typically challenging to delineate at

lower field strengths (Figure 4). These included the hippocampi,

greater definition of substructures within the deep grey matter

structures (thalami and basal ganglia), and cortical folding in

areas where it tends to be particularly convoluted and therefore

difficult to delineate (i.e., the occipital lobe). Furthermore,

additional detail which is not appreciated at lower field strengths

could be seen, including the white matter medullary veins and

cerebellar folia.

Specific pathological features that could be clearly visualized on

7T images included cystic lesions and septi in periventricular

leukomalacia (PVL), areas of micro-hemorrhage, subdural

cerebral hemorrhage, cortical polymicrogyria, and absence of the

cavum septum pellucidum (Figure 5). SVRTK reconstructed

images further improved image contrast and quality by

correcting motion and inter-slice artifacts (Figures 6A–C),

enabling robust automated tissue segmentation and surface

generation (Figure 6D). Image quality of the native T2-weighted

images was assessed to be good in 64% of the acquisitions

(Figure 1B), which increased further to 82% following SVR

reconstruction (Figure 1D), which compares favorably against

equivalent figures assessed with the same criteria on state-of-the-

art images acquired for the dHCP with a 3T system and

dedicated neonatal receive coil (20).
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The higher static magnetic field strength at 7T additionally led

to marked gains in sensitivity in image contrasts dependent on

magnetic susceptibility such as SWI. In addition to providing

detailed visualization of the cerebral vasculature including both

the arteries and veins (Figure 7A), the clinical value of SWI

acquisitions was evident for identification of small areas of

intracerebral hemorrhages in infants with congenital cardiac

disease, in a preterm infant with a white matter cystic lesion

where the hemorrhagic origin of the lesion could be appreciated

(Figure 7B), and in a preterm infant with extensive intracerebral

hemorrhage in the distribution of the deep medullary veins

(Figure 7C). Gains in sensitivity and spatial specificity could also

be appreciated using BOLD fMRI, with more cortically localized

and broader repertoire of resting-state networks in comparison to

3T (3) (Figure 8). Expected gains in sensitivity and spectral

resolution were also realised with MRS indicating the possibility

of resolving spectral contributions of GABA, glutamate and

glutamine that would usually require an edited acquisition

scheme at lower field strengths (Figure 9).
Discussion

We report our first experiences and demonstrate feasibility of

imaging neonates on a 7T system and the potential gains in

anatomical and pathological sensitivity in brain images. In all

cases, infants tolerated image acquisition at ultra-high field with

stable vital signs and body temperature throughout the

examination. Acquired high resolution anatomical images

demonstrated high tissue contrast enabling visualization of

several structures which are typically challenging to delineate in

neonates at standard field strengths. The potential of ultra-high

field imaging to provide new insight about the developing
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FIGURE 4

High resolution T2 weighted 7T image acquired from a preterm infant. Images show excellent visualisation of the: (A) cerebellar vermis and folia (red
arrows); (B) deep gray matter nuclei within the basal ganglia and thalamus (blue arrows); (C) hippocampus (yellow arrow).
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neonatal brain was further highlighted using contrasts dependent

on tissue magnetic susceptibility including SWI and fMRI; and

for MRS data which benefits both from increased SNR and

spectral dispersion.

Recent studies of electromagnetic and radiofrequency exposure

for 7T imaging of neonates suggested that in contrast to imaging at

standard field strengths, more conservative operational limits

should be used to limit SAR at ultra-high field in comparison to

adults (11). Addressing the potential risks of body temperature
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heating is further complicated in neonates by their under-

developed thermal regulation and high surface-to-volume body

ratio, which means that they can also become rapidly

hypothermic if not appropriately insulated with clothes and/or

blankets (13, 28). Accounting for these factors is imperative as

not only can neonates not directly indicate if they are

uncomfortable or feeling cold/warm in the scanner, but thermal

instability can result in significant physiological stress including

increased oxygen consumption, decreased cardiac output and
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FIGURE 5

Examples of intracranial pathology identified on T2 weighted images at 7T. (from left to right: illustrative slices in the sagittal, coronal, and axial planes).
Shown are: (A) Cystic PVL; (B) Complete agenesis of the corpus callosum.
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metabolic acidosis (29). Here we demonstrate that neonatal body

temperature remained stable during ultra-high field imaging,

whilst using a combination of appropriate adaptation of scanner

software models and practical steps including swaddling and

continuous monitoring using MR compatible equipment.

In addition to informing our safety assessment, the prior

modelling study (11) predicted that B1
+ would be non-uniform

for neonates using the 7T head coil, contrary to expectations that

the small size of neonatal subjects might mitigate this problem.

The measured B1
+ distributions (Figure 3) from the current study

are consistent with predictions from the aforementioned

modelling study. Figure 5 in Clarke et al. shows equivalent

measurements from adults using the same coil (30); it is

noticeable that while the centre-brightening effect is comparable

between neonates and adults, areas of significant B1
+ drop-out are

less extreme in neonates than adults. These characteristics should

be factored in when optimizing sequences for this cohort.

The clinical value of ultra-high field brain imaging has become

relatively well established in older children and adults, particularly

in applications and pathologies where the higher spatial resolution

and improved tissue contrast has proven to increase sensitivity and

offer new insight. Key examples include management of drug-

resistant epilepsy where it can markedly improve detection and

differentiation of potentially treatable epileptogenic lesions in

comparison to imaging at standard field strengths, leading to

international consensus recommendations for 7T imaging for this

specific application (31); improved delineation of vascular

pathology such as aneurysms or arteriovenous malformations

(32); detailed visualization of the deep grey matter structures

which can help guide the insertion of deep brain stimulation
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electrodes (33); and detection and differentiation of lesions in

multiple sclerosis (34).

Whilst the clinical indications for 7T imaging of neonates are

yet to be established, our initial experiences similarly suggest that

there is clear potential through improving sensitivity for

conditions which impact the developing cortex, vasculature, and

smaller structures. This includes following preterm birth, which

globally now represents greater than 15 million births annually

and has significant implications for later neurodevelopmental

outcome in survivors (35). In addition to the traditionally

recognized patterns of direct white matter injury such as cystic

PVL, preterm birth is also associated with subtle abnormalities

such as punctate white matter lesions or micro-hemorrhages for

which the underlying pathophysiology and clinical meaning

remain uncertain (36). Furthermore, it is increasingly appreciated

that adverse neurocognitive outcomes following preterm birth are

related to lifelong alterations in cortical development, thalamic

growth and connectivity (37). Infants with congenital cardiac

disease are at high risk of peri-operative hemorrhage or ischemic

injury, and often have chronically reduced cerebral oxygenation

(38). These factors have also been found to result in profound

life-long effects on cortical maturation which are similarly

associated with adverse neurodevelopmental outcomes (39).

Thus, imaging neonates at 7T could not only enhance

detection of injuries in these high-risk populations, but

also holds clear potential to provide marked new

mechanistic insight into the pathophysiology underlying their

neurodevelopmental consequences.

We also highlight the potential of gaining new insights into the

developing brain using specific image contrasts which benefit from
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FIGURE 6

Slice to volume reconstructed T2 weighted images acquired from a preterm infant shown in the (A) sagittal, (B) coronal and (C) axial planes. These high
contrast, high resolution images are amenable for further processing such as the generation of (D) ( from left to right) inflated, pial, and white matter
surfaces.
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the increased field strength such as SWI, MRS and fMRI. The SWI

method in particular has been shown to have particular value at 7T,

where it has broad clinical applications including improved

characterization of gliomas for surgical planning and

epileptogenic foci (31), but additionally has potential to provide

important new insights into the pathophysiology of common

conditions such as dementia (40). Here, we show that SWI in

neonates not only has high sensitivity for detecting areas of

hemorrhage, but additionally can provide detailed visualization of

the cerebral vasculature including both the arterial and venous

systems (see Figure 7). This knowledge could provide novel

insight about the specific role of the vascular system and cerebral

perfusion in regional brain development and how this

relationship is altered by pathology. fMRI BOLD contrast is

similarly enhanced at ultra-high field and has been shown to
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enable fine-scale studies of the brain’s functional architecture at

higher resolution and sensitivity compared to standard field

strengths, including delineation of activity within cortical

columns, layers and specific deep grey matter nuclei (8). The

ability to characterize brain activity at this level of detail in the

neonatal brain is a compelling prospect, as this is a crucial time

for the establishment of the brain’s life-long framework of

functional connectivity, with studies at 3T demonstrating rapid

maturation of resting state networks in the time leading up to

birth (3). Importantly, early-life alterations in functional

connectivity such as those associated with preterm birth persist

into later life and correlate with adverse neurodevelopmental

outcome (4, 37). Significantly increased sensitivity and spectral

resolution at 7T with 1H-MRS have been well described in adults

(9), which we were also able to demonstrate in neonates. Wider
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FIGURE 7

Susceptibility weighted images (SWI). (A) Example MIP axial slices from the SWI data acquired from a healthy neonate imaged at term equivalent age.
(B) A cystic lesion (blue arrow) noted on T2-weighted images (bottom left) in a preterm infant. SWI demonstrated the hemorrhagic origin of the lesion
(red arrow) and gives possible insight into the underlying pathophysiology through its adjacent location to the deep medullary veins. (C) Preterm infant
with extensive intracerebral hemorrhage in the distribution of the medullary veins. The extent of this is visualized more clearly on the SWI image
(bottom right).

FIGURE 8

Resting state functional MRI data acquired from a preterm infant at 7T. (A) High spatial resolution (1 mm isotropic) high contrast whole brain BOLD fMRI
data acquired at 7T from a preterm infant. (B) The sensorimotor resting state network derived using independent component analysis. Activation can
be seen to clearly localize to the cortical ribbon, following the configuration of the sulci.
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application could potentially inform about how inhibitory-

excitatory neurotransmitter balance evolves across early

development and about its possible role in the pathophysiology

of neurodevelopmental disorders such as autism (4).
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We describe our initial experiences and demonstrate feasibility

of 7T neonatal imaging with a limited range of sequences

optimized for this population. Although the acquired images had

high SNR, an important consideration for this work is that we
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FIGURE 9

STEAM MRS spectrum acquired from the left thalamus of an infant at term equivalent age on the 7T system. A narrow linewidth (4.8Hz) and high SNR
(26) as estimated by LCModel are observed. The acquisition time was just 2’24”.
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used a standard adult transmit and receive head coil. Previous work

at 3T has demonstrated that SNR, image homogeneity and head

immobilization can all be considerably improved with a head coil

which is appropriately sized so that the receive elements are

closer to the neonatal head (18). Work is thus underway to

develop a neonatal specific head coil for 7T scanning in our

center (41). Whilst we demonstrate significant gains in

anatomical detail and sensitivity with high-resolution T2-

weighted imaging, high contrast T1-weighted imaging was found

to be challenging to acquire at 7T without knowledge of

neonatal-specific tissue T1 values. Systematic data collection is

therefore underway to establish brain tissue T1 and T2 relaxation

values across the perinatal period in both preterm and term born

neonates and will be reported separately. Nevertheless, our work

highlights the clear potential of ultra-high field brain imaging in

neonates to improve diagnosis and understanding of pathological

mechanisms during this key stage of life. This has important

implications not only for the clinical management of conditions

known to originate in this period (such as cerebral palsy) but
Frontiers in Radiology 1117
also for other common but hitherto poorly understood

conditions like autism and mental health disorders which likely

have their origin in the perinatal period.
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Appendix 1: SAR estimation

Our simulation study (11) suggested that head average SAR is

proportional to RF power with factor 0.45, i.e.,:

hdSAR ¼ 0:45 PRF

The Siemens Terra scanner estimates local SAR and subjects

this to a limit of 20W kg�1 when in first-level controlled mode

(the worst case), i.e.,:

SARest ¼ PRFk
Frontiers in Radiology 1420
SARest � 20 W kg�1

Hence, to ensure that hdSAR � 3:2W kg�1 we modified k to be

k ¼ 20
3:2 � 0:45 ¼ 2:8 kg�1.

With this value of k, the maximum power allowed by

the scanner would be PRF ¼ 20
2:8 ¼ 7:1W and according to

our simulation study, this would result in

hdSAR ¼ 0:45� 7:1 ¼ 3:2 W kg�1 as required. This is over a

factor of 2 times more limiting than the value set by

the manufacturer.
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Attention deficit hyperactivity disorder (ADHD) is the most common
neurodevelopmental disorder in children, characterized by age-inappropriate
inattention, hyperactivity, and impulsivity, which can cause extensive damage
to children’s academic, occupational, and social skills. This review will present
current advancements in the field of attention deficit hyperactivity disorder,
including genetics, environmental factors, epigenetics, and neuroimaging
features. Simultaneously, we will discuss the highlights of promising directions
for further study.

KEYWORDS

attention deficit hyperactivity disorder, genetics, environmental risk factors, epigenetics,

neuroimaging features, further research directions

1 Introduction

Attention deficit hyperactivity disorder (ADHD) is a prevalent neurodevelopmental

disorder, characterized by extensive hyperactive, impulsive and/or inattentive behaviors

that impair daily functioning. Notably, it is estimated the global prevalence of ADHD as

7.2% (1, 2). And in China specifically, ADHD affected around 6.4% of children (3).

Long-lasting clinical symptoms are present in between 50% and 60% of ADHD patients,

frequently coexisting with additional disorders, namely anxiety, oppositional defiant

disorder, and tic disorders. These conditions can increase the risk of suicide and

delinquency and have a major negative influence on families and society (4, 5). The

complicated etiology of ADHD is frequently attributed to a confluence of hereditary and

environmental variables (6, 7). Research has demonstrated that structural abnormalities in

the brain, such as decreased brain volume and cortical surface area in ADHD, can cause

disturbances in brain function, which can result in executive dysfunction and a variety of

clinical symptoms, including impulsivity, hyperactivity, and inattention (7, 8).
2 The etiology and pathogenesis of ADHD

Although the exact cause of ADHD remains unidentified, most researchers contend

that it is a result of a combination of hereditary and environmental factors. Besides,

ADHD has a comparatively variable clinical presentation, by thoroughly examining its

various etiology and pathogenesis, new treatment approaches can be developed and

researched more easily.
01 frontiersin.org21
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2.1 Genetic factors

The development of ADHD is largely influenced by genetic

factors, and investigations involving twins and family lines have

demonstrated a distinct familial clustering in the disorder’s

development. Additionally, research conducted by Uchida et al.

(9) found that children whose parents had ADHD were more

likely than their non-ADHD parents to experience ADHD and

other cognitive and psychiatric disorders. Faraone et al.

demonstrated that the heritability of ADHD in twins is

approximately 74% (10). Through a genome-wide association

study (GWAS) of ADHD, Demontis et al. (11) presented a

significant research paper in 2019 which achieved substantial

progress in identifying genetic risk factors and refining the

genetic architecture of the disease. The research revealed 12

independent genome-wide significant loci associated with ADHD

by combining a genome-wide association meta-analysis of

ADHD risk genes with data from the Danish Integrative

Psychiatric Research (iPSYCH) and 11 ADHD cohorts from

various nations that were gathered by the Psychiatric

Genomics Consortium (PGC), totaling 20,183 ADHD patients

and 35,191 controls.

Primarily, the identified risk genes are clustered in the cerebral

cortex and are associated with early brain development, principally

involving several brain-specific neuronal subtypes and midbrain

dopaminergic neurons. The risk gene loci are linked to

neurodevelopment, neurotransmitter transmission, and regulation

of gene expression. The aforementioned study provides

compelling evidence that ADHD is a polygenic disorder,

with several risk genes working together to determine the

development of the condition and varying degrees of illness risk

associated with each gene. In 2023, Demontis et al. identified 27

risk loci, comprising both the common loci from the 2019

analysis and recently found rarer genetic loci. Simultaneously,

after examining the expression of ADHD risk genes in different

tissues and cell types, the researchers discovered that many of

these genes were enriched in excitatory and inhibitory brain

neuronal cell types. Additionally, it was demonstrated that genes

expressed in dopaminergic mesencephalic neurons and genes

related to ADHD were significantly correlated (P = 0.005) based

on the results of single-cell RNA sequencing data and cell type-

specific analysis (12).

Furthermore, the ongoing advancement of research on

disease risk gene loci (13) will gradually lead to the genetic

elucidation of the effects of risk genes on the development of

particular neuronal subtypes and brain network connections, as

well as the further clarification of the connection between

attention-deficit, hyperactivity, and impulsive behaviors in

children with ADHD and abnormalities in brain development.

Based on prior research, an estimated 300 candidate genes have

been linked to the onset of ADHD. These genes are primarily

found in midbrain interneurons. We will then describe in

detail three common interneurons including dopaminergic

neurons, noradrenergic neurons, and 5-hydroxytryptamine (5-

HT) neurons.
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2.1.1 Association of dopaminergic genes,
dopamine neurotransmission pathway and ADHD
symptoms
2.1.1.1 Dopamine receptor genes
Dopamine receptor D4 (DRD4) is the most studied candidate

gene associated with increased risk of ADHD, DRD4 receptor

regulates dopamine signaling in the CNS and plays important

roles in attention, reward, and motivation. Chang et al. (14)

found that children with the DRD4 GG genotype were more

likely to experience ADHD than children with the DRD4 GA/

AA. Notably, variable Number Tandem Repeats (VNTR) is a

repeated section of the DNA sequence that is the main target of

variations in the DRD4 gene. The 7 repeat (7R) and the 4

repeat (4R) are two of the most prevalent variation types.

Research has identified a correlation between the 7R variation

and a higher likelihood of developing ADHD. According to

some research, those who have the DRD4 7R variation may be

more prone to ADHD in specific groups. However, the results

are inconsistent, as the association’s intensity and direction

changed based on populations and research. Thus, the DRD4

gene’s connection to ADHD remains debatable, and other

genetic and environmental variables may influence how the

gene functions. The relationship between DRD5 gene variations

and ADHD has not been researched adequately. Despite this,

Tong et al. (15) have suggested that some variations in the

DRD5 gene may be associated with an increased chance of

developing ADHD. Whereas other research has suggested that

the DRD5 gene and ADHD do not appear to be correlated.

Therefore, to validate the DRD5 gene’s involvement in the

pathogenesis of ADHD, additional research is required.

2.1.1.2 Dopamine transporter genes
An increased risk of ADHD has also been linked to variations in

dopamine transporter genes, such as those in the dopamine

transporter 1 (DAT1, also known as SLC6A3) gene. One of the

most extensively researched potential genes in the pathophysiology

of childhood ADHD is DAT1 (16). Research has indicated that

the 10R of the 40 bp VNTR in the 3′ untranslated region (3′
UTR) of DAT1 is strongly correlated with clinical symptoms in

ADHD children, particularly those with attention deficits and that

DAT1 haplotypes comprising the 10R of the 40 bp VNTR of the

3′UTR/the 6R of the 30 bp VNTR of the intron 8 are strongly

correlated with cognitive impairments in ADHD. The 10R/10R

genotype of DAT1 VNTR is related to ADHD in Korean children

(17). Study in Jordan children showed that the 10R allele of DAT1

was associated with ADHD in the children (18). On the other

hand, conflicting results were reported in the studies in the Omani

children, Han Chinese children, Iranian population and Turkish

population which showed no association significant between

VNTR polymorphism with ADHD (19–22). Meanwhile, it has

been reported that there is no association between VNTR

polymorphism of DAT1 genes and ADHD among Indonesian

children based on a case-control study (23). In 2020, Kuc et al.

also found that the SLC6A3 gene polymorphism was not

associated with the presence of ADHD (24).
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2.1.2 Genes associated with the 5-
hydroxytryptaminergic system

The frontal orbital-striatal pathway is regulated by

5-hydroxytryptamine (5-HT), and 5-hydroxytryptamine receptors

(5-HTR) are mainly located in the brain’s prefrontal cortex,

amygdala, and hippocampus (25). Deviations from normalcy in

these brain regions have a substantial impact on children with

ADHD’s hyperactivity, impulsivity and attention span. The

presence of two crucial 5-HT receptors, specifically

5-hydroxytryptamine 1A and 2A receptors, have been identified as

closely related to the behaviors associated with ADHD (26).

Additionally, the 5-hydroxytryptamine transporter (SERT), 5-HTR

1B and 5-HTR 2A genes are involved in the pathophysiology of

ADHD (27). The 5-hydroxytryptamine transporter gene (SLC6A4/

5-HTT) encodes the 5-hydroxytryptamine transporter (SERT) and

regulates the effectiveness of 5-HT. This gene promoter region

(5-HTTLPR) is associated with ADHD pathogenesis as the long

allele (L) and the short allele (S). Children with ADHD exhibit

more evident behavioral issues and hyperactivity when they have

the “S” allele and the “S/S” genotype, and a greater degree of

executive function impairment when they have the “L” allele (28).

2.1.3 Genes connected to the noradrenergic
system

The norepinephrine transporter (NET, SLC6A2) was discovered to

reuptake sympathetically released norepinephrine (NE) into the

presynaptic membrane via active transport. Since norepinephrine

transporter antagonists can affect the effectiveness of pharmacological

treatment in children with ADHD, the norepinephrine transporter

gene has emerged as the most extensively researched noradrenergic

system gene. According to Shang et al. (29), children with ADHD

can have their intrinsic brain activity, attention, and visual memory

regulated by the norepinephrine transporter gene. Shirama et al. (30)

concluded that NE modulation of serum concentrations and gene

interactions alter alertness in ADHD patients, leading to an increased

likelihood of dangerous behaviors in ADHD patients. The findings of

Hawi et al. (31) revealed a high correlation between the development

of ADHD and SLC6A2. Wang et al. (32) found that the α-2A

adrenergic receptor (ADRA2A) gene is also a candidate gene, and

children with the ADRA2A rs553668 GG/GA genotype were

more likely to develop ADHD than those with the ADRA2A

rs553668 AA genotype.
2.2 ADHD environmental risk factors

Environmental risk factors, which mostly include psychosocial

variables, pregnancy, and perinatal risk factors, are directly linked

to the development of ADHD.

2.2.1 Pregnancy and perinatal risk factors
The development of children with ADHD has been discovered

to be influenced by perinatal circumstances, environmental

variables, intrauterine factors, and maternal self-factors

throughout pregnancy. For example, children are more likely to
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acquire ADHD if their mothers smoke, drink excessively, or are

exposed to air pollutants (polycyclic aromatic hydrocarbons), or

field nonionizing nonionizing radiation when they are pregnant

(33–36). Acetaminophen exposure during pregnancy has been

reported to be highly related to a high incidence of ADHD in

children (37). There have also been reports of possible risk

factors for ADHD in children, including maternal pre-pregnancy

overweight or obesity, severe mental illness in the parents,

hypothyroxinemia, depression, and gestational diabetes

mellitus (38–43).

2.2.2 Psychosocial factors
Psychosocial factors primarily include parental mental health,

marital harmony, parental relationships, and family education

methods. However, the impact of the natural physical

environment, including the children’s living conditions and

family’s financial status on the onset of symptoms and overall

course of ADHD patients should not be discounted. For

instance, Nilsen et al. (44) discovered that children who are

exposed to cigarette smoke may be more likely to experience

symptoms of ADHD. The financial status of a family may also

effect a child’s likelihood of developing ADHD (45). Low family

income has often been linked to an elevated risk of ADHD in

children within research (46, 47). Meanwhile, the development of

ADHD can also be influenced by parental mental health, marital

status, and parental relationship status. A study (48) confirmed

that mothers of ADHD children exhibit more pronounced

symptoms of anxiety and depression than their fathers.

Furthermore, children with ADHD are frequently exposed to

inappropriate educational techniques for extended periods,

which makes them increasingly likely to exhibit abnormal

behavioral patterns.

Scholars have studied the mechanisms by which environmental

factors contribute to the development of ADHD in children. It was

found that children whose mothers smoked during pregnancy had

reduced volumes of cortical gray matter, cerebellum, and corpus

callosum, and thinning of frontal, temporal, and parietal regions,

along with alterations in the white matter microstructure of

several major connective bundles. Importantly these alterations in

brain regions have also been associated with deficits in cognitive

performance, auditory processing, social development and

ADHD. At the same time, studies have shown that adolescents

whose mothers smoked during pregnancy showed inefficient

recruitment of relevant brain regions (including the temporal

lobe, hippocampus and cerebellum) during response inhibition,

attention and memory tasks (49). Prenatal alcohol-exposed

children have reduced brain volumes and abnormalities in the

frontal, parietal, and temporal lobes in terms of volume, gray

matter density, shape, and cortical thickness (50), which have

been associated with attention deficits and impulsive behavior (51).

Peterson et al. applied magnetic resonance imaging studies have

found that prenatal exposure to PAH air pollutants disrupts the

development of white matter in the left hemisphere of children,

particularly in the frontal, parietal, and temporal lobes, which can

lead to ADHD symptoms and externalizing problems since this
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white matter contributes to attention and impulse control (33). Non-

clinical studies have shown evidence of various potential

mechanisms for the deleterious effects of acetaminophen on

neurodevelopment. Blecharz-Klin et al. (52) found that rats

receiving therapeutic doses of acetaminophen significantly

modulated neurotransmission in brain structures (prefrontal

cortex, hypothalamus, and striatum) associated with behavior and

working memory.

The contribution of maternal overweight/obesity to

unfavorable brain development is partly influenced by

inflammatory phenomena. Thus, inflammation may play a role

in the association between maternal overweight/obesity and

ADHD in children and adolescents. Obese pregnant women have

higher circulating levels of pro-inflammatory cytokines than

normal-weight pregnant women, and the normal developmental

trajectory of the fetal brain may be interrupted by exposure to

infections and high levels of pro-inflammatory cytokines, with

long-lasting or persistent consequences for gray matter volume

and white matter integrity (53, 54). This leaves the fetus

vulnerable to psychiatric complications, and thus ADHD is

associated with elevated levels of inflammatory cytokines (55, 56).

Recent data from the existing literature suggests that gestational

diabetes mellitus (GDM) promotes altered structural brain

morphology in the offspring. Van Dam et al. found reduced

neuronal excitability and neuronal plasticity in children whose

mothers had GDM, suggesting that GDM may lead to central

nervous system dysfunction, which may be further associated

with impaired cognitive and motor outcomes (57). In a recent

study, researchers used diffusion tension imaging studies to show

that infants of mothers with GDM exhibited microstructural

white matter abnormalities associated with impaired

neurocognitive abilities (58). Lynch et al. found that reduced

hippocampal volume in specific subregions of children exposed

to GDM in utero is accompanied by specific alterations in

hippocampal morphology (59). In another recent study, Ahmed

et al. observed reduced cortical thickness in multiple brain

structures and poorer overall cognitive performance in diabetes-

exposed offspring (60).
2.3 Epigenetic involvement in the
pathogenesis of ADHD

In the field of genetics, epigenetics focuses on gene expression

and functional regulation rather than alterations to the DNA

sequence. The most popular topics of study in epigenetics

include DNA methylation, histone modification and non-coding

RNA (61). Neurodevelopmental disorders are diseases in which

epigenetics plays a prominent role.

2.3.1 DNA methylation
DNA methylation is one of the most researched types of

modification in the field of epigenetics. By adding methyl groups

to the DNA bases, it controls the expression of genes. Research

has revealed that the DRD4 gene exhibits evidence of

methylation, with varying levels of methylation among
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individuals diagnosed with ADHD (61). Moreover, variations in

the DNA methylation of genes associated with the dopamine

signaling pathway may result in modified expression levels of the

relevant genes, which could impact dopamine signaling and

neurodevelopment, ultimately linking them to the pathogenesis

of ADHD (62, 63). In the methylome analysis of salivary DNA

from children with ADHD, Wilmot et al. (64) discovered altered

DNA methylation of the vasoactive intestinal peptide receptor 2

(VIPR2). Additionally, methylation of cytosine-phosphate-

guanine (CpG), a crucial location upstream of DRD4, plays a

significant part in dopamine’s ability to regulate. Meanwhile,

Wilmot also demonstrated that male children with ADHD had

higher levels of CpG methylation in their peripheral tissues,

indicating that DNA methylation markers in these children’s

peripheral tissues may be useful for research in the future. While

the study by Walton et al. (65) did not find evidence of

differential methylation of DRD4 and VIPR2, it discovered that

potential symptomatic changes in children with ADHD have

been distinguished by DNA methylation at birth at multiple

genomic locations.

Additionally, early-life methylation patterns in the peroxisome

network may impair the production of docosahexaenoic acid

(DHA), which may contribute to the symptoms of ADHD in

children and adolescents. Chen et al. (66) studied twin children

with ADHD and discovered several different methylated genes

between ADHD and non-ADHD siblings. In contrast to the

Wilmot result of hypomethylation of the VIPR2 gene, differential

methylation of the VIPR2 gene was also discovered, with

hypermethylation in three afflicted twins.

2.3.2 Histone modification
Another significant epigenetic mechanism that alters the

modification marks on histone proteins to control gene expression

is histone modification. Common histone modifications linked to

gene activation and expression include acetylation, methylation

and phosphorylation. They play an important role in different

nuclear processes, such as replication, DNA repair, transcription,

and chromatin structure stabilization (67). However, relatively little

work has been done on the role of histone modifications in the

pathogenesis of ADHD. Xu et al. (62) studied blood samples from

Chinese Han children and found increased expression of histone

deacetylase 1 (HDAC1) in children with ADHD compared to

healthy controls, suggesting that protein acetylation is reduced in

the group of children with ADHD. Histone methylation and

acetylation abnormalities, can all result in aberrant gene

expression, which can then influence neurodevelopment, synaptic

function, and dopamine signaling, impacting the pathogenesis

of ADHD.

2.3.3 Non-coding RNAs
Non-coding RNAs are also implicated in the pathophysiology

of ADHD, in addition to DNA methylation and histone

modification. The expression and function of genes can be

controlled by these non-coding RNA molecules (68). Notably,

individuals with ADHD may have different levels of several non-

coding RNAs’ expression. These non-coding RNAs have the
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potential to impact neurodevelopment, synaptic function, and

dopamine signaling pathways through controlling the expression

of particular genes. Srivastav et al. (69) observed that peripheral

microRNA concentrations were different in both animal models

and children with ADHD. In 2023, Dypås et al. discovered 32

microRNAs that were strongly linked to features related to

ADHD, including hyperactivity (29) and inattention (3) (70).
3 Comorbidities of ADHD

Comorbidity refers to the presence of more than one disease

diagnosis in a patient, and ADHD is frequently comorbid with

other disorders, both psychiatric disorders and non-mental

diseases, with up to 70%–80% of individuals with ADHD

experiencing concomitant psychiatric disorders throughout their

lives (71), including oppositional defiant disorder (ODD),

conduct disorder (CD), major depressive disorder (MDD),

bipolar disorder (BD), anxiety disorders (AD), and substance use

disorders (SUD). In addition, ADHD is highly comorbid with

other neurodevelopmental disorders, such as autism spectrum

disorders (ASD), learning disabilities (LD), and tic disorders

(TD). According to recent research, non-mental disorders are

very common in individuals with ADHD and greatly lower

quality of life. Research on non-mental diseases that co-occur

with ADHD has demonstrated a strong correlation with obesity,

diabetes mellitus, sleep disorders, epilepsy, and allergic diseases

(72–74). Comorbidities frequently cause children with ADHD to

have significantly impaired social functioning and complicate

their clinical presentation, diagnosis, and course of treatment.

For this reason, it is critical to understand why comorbidity

between ADHD and other diseases is so common.

Studies have revealed a biological explanation for the co-

occurrence of ODD in children with ADHD. This includes a

shared genetic basis involving the genes encoding androgen

receptors and adrenal hormones. Additionally, it has been

proposed that there is a strong correlation between serum 5-

hydroxytryptamine concentrations and aggressive behavior in

individuals. Furthermore, Noordermeer et al. demonstrated that

children with comorbid ODD and ADHD displayed genetic

variations in working memory, facial expression detection, and

temporal processing, indicating neurocognitive impairment (75).

According to an etiological study of children with co-occurring

CD and ADHD, there may be hereditary and environmental

factors that contribute to both conditions (76). The persistent

weight of linked emotional and cognitive features in people with

ADHD, as well as the association between psychosocial and

functional stressors in daily life, may be the cause of ADHD and

mood disorders and the prevalence of comorbid anxiety and

SUD (77–79). Moreover, rather than being the result of exposure

to these exposures, mental comorbidity may also be a direct

expression of common genetic variables between ADHD,

comorbid conditions, and related emotional, cognitive, and

behavioral features. Fraporti et al. (80) reported that the

interaction between the ADORA2A gene and the DRD2 gene

affects anxiety disorders in children with ADHD. Demontis et al.
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discovered an association between anxiety disorders and the

DRD2 gene in children with ADHD. A GWAS meta-analysis of

ADHD revealed that obesity, insomnia, ASD, schizophrenia,

MDD, and cannabis use disorders have significant genetic

correlations with ADHD, and there is genetic overlap between

them (74). Therefore, a major contributing factor to the

explanation of the correlation between co-occurring features and

comorbid psychiatric disorders and ADHD is genetics.

One of the most widely studied co-occurring nonmental diseases

in ADHD patients is epilepsy. The prevalence of epilepsy ranges

from 0.5% to 0.9% in children worldwide (81), and it is often

comorbid with other psychiatric disorders, such as ASD, ADHD,

and AD, with ADHD being the most common. Some researchers

have also suggested that the relationship between epilepsy and

ADHD is bidirectional (82) and that ADHD may contribute to an

elevated risk of seizures, while chronic recurrent abnormal

discharges in children with epilepsy may exacerbate symptoms of

ADHD, such as poor attentional control and impulsive and

hyperactive behavior. The pathogenesis of epilepsy co-occurring

with ADHD is often caused by a combination of factors and may

include related mechanisms such as structural brain abnormalities,

genetic factors, and neurobiochemical mechanisms.

In terms of brain structure, Karalok et al. (83) reported that

both children with benign childhood epilepsy with

centrotemporal spikes (BECTs) and children with BECTs with

comorbid ADHD showed cortical structure abnormalities

(cortical area thinning), but comorbid ADHD in children with

epilepsy was more strongly associated with cortical area thinning.

In terms of genetic factors, the genotypic association between

ADHD and epilepsy is extremely high, and this correlation can

be explained by the influence of family aggregation, mainly on

the maternal side, as well as by individual-specific environmental

factors (84). A number of studies have suggested that epilepsy

comorbid with ADHD may be due to the presence of common

genetic abnormalities between the two, mainly in the IQSec2

gene, the SLC6A1 gene, the SLC9A9 gene, the Dlg4 gene, and

the Vamp2 gene (85–87). In terms of neurobiochemistry,

abnormalities in dopamine receptor function or dopamine

overproduction in the central nervous system are currently

considered to be the main mechanisms for the co-occurrence of

epilepsy and ADHD.
4 Neuroimaging features

Based on some studies, cortical maturation in ADHD patients

involves multiple regions and cortical dimensions. Primarily, this is

manifested in ADHD patients as delayed developmental

trajectories. Previously, Shaw et al. (88) also demonstrated that

cortical maturation in ADHD patients is significantly delayed.

Likewise, Qian et al. (89) found developmentally relevant delays

in inhibitory and transfer functions in children with ADHD.

Children with ADHD are more affected by subcortical

abnormalities; the more delayed subcortical structure

development, the more prominent the hyperactivity and

impulsivity symptoms in the child, and the slower the cortical
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thinning of the prefrontal and cingulate regions (90, 91). Besides, a

report published in 2021 identified that children with ADHD had

smaller cerebral cortex total surface area, cortical thickness and

subcortical areas (7). Simultaneously, the developmental

trajectory of gray matter volume and cortical thickness is

correlated with changes in symptoms of ADHD. The more

severe the symptoms, the slower the brain matures (65, 92).

Therefore, the characterization of the corresponding brain

regions of ADHD patients in magnetic resonance imaging will be

explored in terms of the following imaging techniques.
4.1 Functional magnetic resonance imaging

Functional magnetic resonance imaging (fMRI) primarily uses

magnetic fields to measure the blood oxygen level-dependent

(BOLD) response in the cerebral cortex and subcortical regions.

By gathering data from participants while they are at rest and in

various task-design scenarios, fMRI can indirectly reflect how the

brain functions.

The resting-state fMRI describes the low-frequency

fluctuations that arise spontaneously during an MRI scan while

the patient’s body is at rest and not thinking. The resting-state

network describes the multiple brain regions where the fMRI

signals are correlated with each other in the resting state. The

default mode network (DMN), a significant resting-state

network, is made up of brain areas that, in healthy individuals,

exhibit increased activity during waking rest and deactivation

with increasing attentional demands (93, 94). However, this

negative correlation between the default mode network and

attention will be diminished or nonexistent in ADHD patients,

which could account for the reduced sustained attention

brought on by default mode network-mediated attention

deficiencies (95–98).

Moreover, Sun et al. (99) demonstrated that children with

ADHD had more fragmented resting-state network connection

patterns and delayed functional network development. Research

employing resting-state fMRI has demonstrated dysfunctional

connectivity in the brain regions of the dorsal anterior cingulate

cortex and posterior cingulate cortex and aberrant developmental

patterns in the interaction between the dorsal anterior cingulate

cortex and DMN in patients with ADHD (99). Furthermore,

TIAN et al. (100) discovered that children with ADHD had

significantly improved functional connectivity in the dorsal

anterior cingulate cortex as well as bilateral thalamus, bilateral

cerebellum, and bilateral insula. Additionally, children diagnosed

with ADHD exhibited reduced functional connectivity in the

areas of the thalamus and basal ganglia (96).

fMRI combines many task paradigms to represent the various

cognitive processes occurring in the brain. Studies on ADHD

patients have revealed impairments in cognitive abilities such as

working memory, sustained attention, and inhibitory function

(101). Research has demonstrated (102) that when engaged in

working memory tasks, individuals with ADHD exhibit

decreased activity in bilateral frontal lobes, frontal-to-parietal
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areas and the insulae. Likewise, in comparison to normal

controls, working memory-related brain regions consistently and

repetitively exhibit underactivation (103, 104). Children with

ADHD have also been observed to show under-activation of

brain regions associated with inhibitory control in inhibitory

function tasks (103, 104).

Furthermore, Christakou et al. (105) used magnetic

resonance imaging to demonstrate that patients with ADHD

exhibited significantly higher activation in precuneus regions

but significantly lower activation in the left dorsolateral

prefrontal cortex, superior parietal gyrus, and striatal-thalamic

regions in an alertness task involving sustained attention.

Additionally, children with ADHD mostly exhibit decreased

activation of the right dorsolateral frontal-basal ganglia-

thalamic-parietal network when doing tasks that target

attentional processes (103, 106). Reduced frontal-striatal loop

activation has also been seen in children with ADHD during

sustained attention activities (107, 108).
4.2 Functional near-infrared spectroscopy

Functional near-infrared spectroscopy (fNIRS) utilizes near-

infrared light to track variations in oxygen and deoxyhemoglobin

concentrations over time. Notably, it has been used extensively in

studies because it is less sensitive to motion artifacts than fMRI,

safe, inexpensive, and requires less body immobilization. fNIRS is

a useful tool for measuring brain activity during resting and task

states. Blood flow and volume rise when brain areas are activated

in response to stimuli, and this can be measured by determining

the concentration of local hemoglobin (HbO), deoxyhemoglobin

(HbR), or total hemoglobin (HbT). Thus, fNIRS is a valuable

assessment instrument for neurodevelopmental research,

particularly in analyzing the effects of interventions on children

with ADHD (109, 110).

Researchers have demonstrated that resting-state fNIRS is

repeatable in terms of functional connectivity and network

topological characteristics (111–114). According to research

conducted in 2020 by Wang et al. (115), children with ADHD

had significantly lower functional connectivity and global

efficiency of brain networks during the resting state when using

fNIRS. Concurrently, each network node in the brain experienced

corresponding changes in efficiency. The results may indicate

deficiencies in reaction inhibition and information overload in

vision and attention in children with ADHD, according to the

dual pathway hypothesis. It was further established that functional

connection networks and symptoms of ADHD are related.

Besides, a negative correlation was identified between the reduced

efficiency of the right somatomotor network nodes and the

symptoms of hyperactivity and impulsivity. In 2021, based on a

multiscale entropy study, Hu et al. found (116) that children with

ADHD had lower brain signal variability in several functional

brain networks (such as the default mode, frontoparietal network,

attentional network, and visual network) than did healthy

children, aligning with Wang’s et al. (115) findings.
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When examining the potential connection between alterations

in brain activation and executive function in ADHD patients,

fNIRS is a highly effective tool (117, 118). Meanwhile, a task-

based investigation of dynamic functional connectivity in

children with ADHD was carried out by Sutoko et al. (119). The

frontal-cingulate-striatal-thalamic and frontal-parietal-cerebellar

networks, which control working memory, attention, and

inhibitory function, exhibit complicated multisystem deficits in

ADHD patients.

In inhibitory control tasks, adolescents with ADHD have

inferior connectivity within the inhibitory network (120) Sutoko

et al. (121) discovered that children with ADHD tend to show a

decreased likelihood of an advantageous connectivity state and an

increased likelihood of other connectivity states in an inhibitory

control task. In a 2023 study, Hou et al. (122) demonstrated that

activation areas inhibiting cognitive interference ability were

concentrated in the bilateral prefrontal cortex, whereas activation

areas inhibiting control skills were broadly distributed in the

bilateral prefrontal cortex, parietal and frontal regions, the left

temporal and superior temporal cortex, the right inferior frontal

gyrus, and the middle frontal gyrus. According to Inoue et al.

(123), children with ADHD showed decreased prefrontal

activation during a go/no-go task. Children with ADHD showed

lower levels of brain activity in the left prefrontal cortex during

go/no-go task, according to a 2017 study (124). Furthermore, Wu

et al. (125) discovered that during a go/no-go task, children with

ADHD had decreased levels of oxyhemoglobin concentration in

the prefrontal brain. Prior research utilizing fMRI has also

revealed that when children with ADHD do an inhibitory task,

there is a significant bilateral decrease in cerebral blood flow in

the prefrontal cortex region (126, 127).

In working memory tasks, the activation areas of verbal

working memory in healthy individuals were primarily located in

the right prefrontal cortex (PFC), particularly in the right ventral

lateral prefrontal cortex (VLPFC) and dorsal lateral prefrontal

cortex (DLPFC), and the activation areas of visuospatial working

memory were found in the right prefrontal cortex, the frontal

pole, and the left superior frontal cortex. However, the activation

areas of patients with ADHD were less significant than those of

healthy individuals, and the corresponding brain regions of

working memory were either non-activated or weakly activated

(122). The well-known working memory paradigm known as the

n-back task has been used in functional neuroimaging studies of

ADHD (128). Using fNIRS during the n-back task, Gu et al.

(129) discovered that prefrontal complexity was lower in ADHD

patients than in healthy controls. Two recent fNIRS

investigations have demonstrated that when working on working

memory tasks, the left DLPFC is more active in patients with

ADHD (130, 131).
5 Future research directions

Future research on ADHD will focus on the following areas.

Firstly, to more precisely clinically phenotype ADHD, it might be
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possible to synthesize genetic GWAS big data analysis with findings

from ADHD cognitive science, brain connectivity mapping, and

neuroimaging; in the future, and it might be possible to phenotype

the ADHD phenotype in terms of functional impairment

dimensions. Secondly, objective markers from genetics, epigenetics,

and environmental factors that are strongly linked to the

development of ADHD will be identified and utilized to facilitate

early screening and support early diagnosis. Thirdly, neuroimaging

studies of ADHD will gradually transition from MRI or near-

infrared spectroscopic studies of ADHD to comprehensive studies

integrating ADHD risk genes, specific cell types, developmental age-

related brain networks, and neural network connectivity related to

specific brain functions (cognition, emotion regulation, etc.).

Additionally, they will map ADHD brain functions related to the

age of onset of ADHD and its phenotypes, providing a powerful

adjunct to the diagnosis of ADHD, as well as to typing, intervention

and evaluation of therapeutic efficacy.

Furthermore, given the research on the mechanism of

ADHD psychology and cognitive deficits, a digital, multi-

scenario cognitive training system suitable for ADHD children

of different ages will be developed, an accurate ADHD

assessment system based on cognitive, behavioral, and

emotional analyses as well as a digital cognitive and

psychological intervention system will be established, and an

intervention on ADHD cognitive deficits will be carried out

with ADHD data-based prescriptions.

Besides, we will integrate ADHD neurological examination,

cognitive and behavioral assessment, and brain network connection

image analysis (resting state and task state) to assess ADHD

children in all aspects, formulate individualized intervention plans,

carry out related neuromodulation including repetitive transcranial

magnetic stimulation, electroencephalographic biofeedback,

magnetic resonance biofeedback, and transcranial direct current

(DC)/alternating current (AC) stimulation, and observe the changes

in the neuromodulation technology on the neural network

connection and neural function, and establish reasonable and

feasible neuromodulation therapeutic guidelines.

Finally, the pharmacological personalized treatment approach

is a new direction for future ADHD treatment, aiming to identify

biomarkers that can predict treatment response and guide

personalized intervention. Based on genomics, neuroimaging and

other neurological techniques to reveal the underlying biological

mechanisms of ADHD, new interventional drugs can be

developed to combat ADHD, which will help to target the

treatment of different phenotypes of ADHD.
6 Conclusions

In summary, ADHD is a critically important

neurodevelopmental condition in children. Through genetic

GWAS analysis, epigenetic and neuroimaging studies in children

with ADHD, researchers have discovered genome-wide significant

loci associated with the development of ADHD, as well as

thinning of gray matter thickness throughout the entire cerebral
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cortex, abnormalities in brain structure and function, and delayed

development of neural networks in children with ADHD. This

review offers potential uses in the investigation of the brain

underpinnings of development, aging, and neurological illnesses.
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Feasibility study to unveil the
potential: considerations of
constrained spherical
deconvolution tractography with
unsedated neonatal diffusion
brain MRI data
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Martijn F. Boomsma1,5, Helen L. Carlson6,
Gerda van Wezel-Meijler7, Regan King3, Alexander Leemans2 and
Lara M. Leijser3
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University, Cardiff, United Kingdom, 5Division of Imaging and Oncology, University Medical Center
Utrecht, Utrecht, Netherlands, 6Department of Pediatrics, Cumming School of Medicine, University of
Calgary, Calgary, AB, Canada, 7Department of Neonatology, Isala Women and Children’s Hospital,
Zwolle, Netherlands
Purpose: The study aimed to (1) assess the feasibility constrained spherical
deconvolution (CSD) tractography to reconstruct crossing fiber bundles with
unsedated neonatal diffusion MRI (dMRI), and (2) demonstrate the impact of
spatial and angular resolution and processing settings on tractography and
derived quantitative measures.
Methods: For the purpose of this study, the term-equivalent dMRIs (single-shell
b800, and b2000, both 5 b0, and 45 gradient directions) of two moderate-late
preterm infants (with and without motion artifacts) from a local cohort [Brain
Imaging in Moderate-late Preterm infants (BIMP) study; Calgary, Canada] and
one infant from the developing human connectome project with high-
quality dMRI (using the b2600 shell, comprising 20 b0 and 128 gradient
directions, from the multi-shell dataset) were selected. Diffusion tensor
imaging (DTI) and CSD tractography were compared on b800 and b2000
dMRI. Varying image resolution modifications, (pre-)processing and
tractography settings were tested to assess their impact on tractography.
Each experiment involved visualizing local modeling and tractography for the
corpus callosum and corticospinal tracts, and assessment of morphological
and diffusion measures.
Results: Contrary to DTI, CSD enabled reconstruction of crossing fibers.
Tractography was susceptible to image resolution, (pre-) processing and
tractography settings. In addition to visual variations, settings were found to
affect streamline count, length, and diffusion measures (fractional anisotropy
and mean diffusivity). Diffusion measures exhibited variations of up to 23%.
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Conclusion: Reconstruction of crossing fiber bundles using CSD tractography with
unsedated neonatal dMRI data is feasible. Tractography settings affected
streamline reconstruction, warranting careful documentation of methods for
reproducibility and comparison of cohorts.
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1 Introduction

Understanding the early stages of human brain development

holds significant clinical importance, as many neurological and

neurobehavioral disorders have their origins in the perinatal period

(1). Unraveling the intricate processes of normal and abnormal

brain development may contribute to identification of increased

risk for developmental problems as early as in the neonatal period.

Ultimately, this may lead to individualized treatment plans and

improved monitoring to promote healthy brain development and

outcomes. To date, conventional MRI techniques have fallen short

in elucidating subtle developmental variances (2). Diffusion MRI

(dMRI) is a dedicated method to study the microscopic brain

tissue architecture and thus subtle developmental variances (3).

A recent review by our group1 showed that 66% of the dMRI

studies on infants aged 0–2 years use diffusion tensor imaging

(DTI) to study white matter tracts. DTI allows for reconstruction of

only one white matter fiber direction per voxel, while an estimated

90% of the adult brain consists of crossing fiber configurations at

commonly used spatial resolutions (4). Advanced tractography

techniques, such as constrained spherical deconvolution (CSD), that

allow for reconstruction of multiple streamline2 directions per voxel

may thus more accurately reflect the organizational complexity of

the brain’s white matter (see Figure 1A) (5). While widely applied

in the adult brain, adopting the more advanced techniques to the

neonatal brain poses practical and technical challenges.1

Lengthy and complex dMRI sequences as used in adults and

state-of-the-art research imaging protocols are not feasible on

neonates, because of the use of the feed and sleep method (6) for

performing neonatal brain MRI in the clinical as well as research

setting. Although the feed and sleep method eliminates the need

for sedation and associated risks, it often limits the duration of

scanning to minimize infant waking and motion. As a result,
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most available neonatal dMRI datasets use relatively low b-values

(<b2000), single-shell data, and low angular resolution (<40

directions).1 In addition, the small brain and relatively large and

often anisotropic voxels affect scan quality with increased partial

volume effects and lower signal-to-noise ratios, which in turn

considerably affects the quality of streamline reconstructions.1

Toselli et al. (7) conducted a comparison of density maps and fiber

bundle reconstructions of the corticospinal tract (CST),

corticopontocerebellar tract and cerebellar-thalamic tract using DTI

and CSD on dMRI data from unsedated neonates. They emphasized

the advantages of CSD tractography, particularly its ability to

reconstruct crossing fibers in adult data (7). The authors scored the

fiber bundle reconstructions on presence of potential false positive

streamlines, false negative streamlines, and anatomical accuracy

(7). However, while the study addressed the performance of CSD

in reconstructing fiber bundles, it did not specifically investigate

the feasibility of reconstructing crossing streamlines. The

findings primarily focused on tract appearance in relation to

their volume, without visualizing fiber orientation distribution

functions (fODF) or intersection of two crossing fiber bundles.

Given the complexity involved in reconstructing crossing fibers,

the study did not provide conclusive evidence regarding the

feasibility of reconstructing crossing fiber bundles using CSD

with unsedated neonatal dMRI data.

Therefore, our study aimed to assess the feasibility of

utilizing CSD tractography to reconstruct crossing fiber

bundles on unsedated neonatal dMRI data with low b-values,

single-shell data and low angular resolution. Specifically, we

aimed to visualize differences between CSD and DTI

tractography and demonstrate the impact of image resolution

and processing settings on dMRI tractography and derived

diffusion measures for downstream tract-analysis. The potential

of CSD to reconstruct crossing fibers from unsedated neonatal

dMRI may stimulate a shift towards employing advanced

tractography techniques in neonates, ultimately resulting in

more reliable and detailed assessment of the developing brain

white matter. Such a shift may prove invaluable for identifying

disparities in normal and abnormal brain maturation in young

infants to advance neuroprotective care and outcomes.
2 Methods

As part of the “Brain Imaging in Moderate-late Preterm

infants” (BIMP) study (ethics approval: REB19-1194), a cohort of
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moderate-late preterm infants (32+0–35+6 weeks’ gestation) was

prospectively recruited between November 2020 and March 2023

from the neonatal intensive care units at Rockyview General

Hospital and Peter Lougheed Centre, Calgary, Canada. Infants

with congenital malformations of the central nervous system,

chromosomal disorders, inborn errors of metabolism, congenital

infections, central nervous system infections, brain injury

acquired after the neonatal period, or with parents unable to

provide written informed consent in English were excluded.

Parents of infants have provided signed informed consent for

participation in the BIMP-study.

As for the explorative nature of the study, two subjects

without visual brain injury on term-equivalent MRI or serial

cranial ultrasound, one with and one without visual motion

artifacts on the dMRI scans, were randomly selected. The

motion scan contained outlier slices as a result of motion-induced

signal dropouts. A single preprocessed dMRI scan with low motion

scores from the developing human connectome project (dHCP)3

was additionally selected. We opted for the inclusion of only three

MRI scans as they represent a diverse range of scan types, ensuring

clarity in our experiments while maintaining comprehensiveness.
2.1 MRI acquisition

Imaging was performed at the Alberta Children’s Hospital on a

research-dedicated 3 Tesla General Electric MR750W system

(manufacturer), managed by the Child and Adolescent Imaging

Research (CAIR) program. Infants underwent MRI around term

equivalent age (TEA; 40–44 weeks postmenstrual age) without

sedation; natural sleep was induced with the feed and sleep

technique. A vacuum bag immobilizer was used to further

immobilize the infant. Earmuffs and headphones provided

hearing protection.

T2-weighted imaging [axial fast spin echo, repetition time =

4,400 ms, echo time = 120 ms, flip angle = 111°, acquisition matrix =

320 × 320, reconstruction matrix = 512 × 512, field of view = 19.2 cm,

pixel spacing = 0.375 × 0.375 mm, slice thickness = 3 mm (0.4 mm

gap)] and dMRI scans were used for this study. dMRI scans

were acquired with pulsed-gradient spin echo echo planar

imaging (PGSE EPI) with the following parameters: repetition

time (b800/b2000) = 7000 ms/10000 ms, echo time (b800/

b2000) = 81.4 ms/97.9 ms, 49 slices, acquisition matrix = 100 ×

100, reconstruction matrix = 256 × 256, acquired voxel size = 2 ×

2 × 2 mm, reconstructed (8) voxel size = 0.78 × 0.78 × 2 mm, b-

value b800 and b2000 acquired separately (i.e., single shell), 45

non-collinear gradient directions and 5 b0 images per dMRI scan.

The dHCP data acquisition has been previously described (9).

In short, dMRI data were acquired on a 3 Tesla Philips Achieva

scanner (manufacturer), also using a PGSE EPI sequence. The

parameters included: multiband factor 4, repetition time =
3https://www.developingconnectome.org/project/

Frontiers in Radiology 0334
3,800 ms, echo time = 90 ms, 64 interleaved slices with 3 mm step

and 1.5 mm overlap, 1.5 × 1.5 × 1.5 mm reconstructed voxel size,

b-values 400, 1,000 and 2,600 with 64, 88 and 128 gradient

directions, respectively, and 20 b0 images per dMRI scan,

totaling 300 volumes.
2.2 MRI processing

T2-weighted MRI scans were skull stripped using the brain

extraction tool (BET) from the FMRIB Software Library (FSL;

version 6.0.3, Oxford University, UK) (10). Results were visually

checked and manually corrected when extra-cerebral tissue was

still present after performing BET. dMRI scans were preprocessed

using MRtrix3 (version 3.0.2) and Advanced Normalization

Tools (ANTs; version 2.3.5) (11, 12). Both b800 and b2000 scans

underwent preprocessing encompassing denoising (patch size = 7)

(13), Gibbs ringing correction (default settings) (14), motion

correction (no reverse phase encoding, with slice-to-volume

misalignment correction (15) and outlier handling (16); eddy

options were: slm = linear, mporder = 6, s2v_niter = 5,

s2v_lambda = 1 s2v_interp = trilinear), eddy induced distortion

correction (17), and bias correction (default settings) (18) using

MRtrix3 (19). Echo planar imaging (EPI) distortions were

corrected by rigid registration of the T2-weighted MRI to the

mean b0-image, followed by anterior-posterior affine registration

(BSplineSyN) of the mean b0-image to the registered T2-

weighted MRI using ANTs registration. The b0 transformation

parameters were then applied to the full 4-dimensional dMRI

volume. White matter masks were created by segmenting the

mean b0 image of each scan using the dHCP structural pipeline

(20) and combining the resulting tissue masks into a single

mask, this included white matter, hippocampus, cerebellum and

brain stem masks. Preprocessed images were used for tractography.

The dHCP scan was processed with the automated dHCP

neonatal dMRI processing pipeline as described by Bastiani et al. (21).
2.3 Baseline tractography settings

MRtrix3 was used for all local modeling and tractography. For

DTI tractography, the diffusion tensor was fitted with weighted

linear least squares and eigenvectors and eigenvalues extracted,

followed by fiber assigned by continuous tracking (FACT), a

deterministic algorithm, for whole brain tractography (22). Initial

CSD tractography was performed with response function

estimation using the Tournier algorithm (23), followed by CSD

fiber orientation distribution function (fODF) estimation (23),

fODF intensity and inhomogeneity normalization (24), and

deterministic streamline tractography based on spherical

deconvolution (SD_STREAM) for whole brain tractography (25).

Baseline streamline settings for both DTI and CSD

tractography were as follows: 10 million streamlines, step size =

0.5 mm, angle 40°, minimum length = 30 mm, no maximum

length, fODF or fractional anisotropy (FA) cutoff = 0.1, white

matter masking (consisting of white matter, cerebellum and
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brainstem), and only for CSD 4th-order Runge-Kutta integration

(26) to eliminate curvature overshoot. Variations to these settings

to evaluate differences in output are described in Part A, B and

C below. A schematic summary of these settings is provided

in Figure 1.

Regions of interest (ROI) were manually drawn for fiber bundle

segmentation (see Figure 2). A body section of the corpus callosum

(CC) at the level of the CST was segmented with bilateral sagittal

ROIs, placed 6 slices lateral to the mid-sagittal plane. The CST

was segmented with one axial ROI in the superior-anterior

region of the pons and one axial ROI at the level of the base of

the CC. Association fibers (superior longitudinal fasciculus) were

segmented with two coronal ROIs in the dorsal part of the

frontal lobe and dorsal part of the parietal lobe. After initial

bundle segmentation, exclusion ROIs were applied to avoid

inclusion of secondary bundles (e.g., cerebellar or CC streamlines

in the CST). Exclusion ROIs were placed as follows (see

Figure 2): for the CC—(1) axial plane, elongated oval-shaped

ROI in the mid-brain and between the temporal lobes at the base

of the lateral ventricles, (2) axial plane, directly below the body

of the CC, to exclude fornix streamlines, (3) coronal plane,

directly in front of inclusion ROIs to exclude cingulum

streamlines; for the CST—(1) sagittal plane, mid-sagittal slice, (2)

coronal plane, crossing the cerebellar peduncles; for the

association fibers—sagittal plane, mid-sagittal slice (same as CST).
2.4 Testing tractography settings

2.4.1 Part A—foundational choices
DTI and CSD tractography were performed on both the b800

and b2000 dMRI scans from the BIMP subject whose scans were

without motion artifacts, using baseline streamline settings. After

part A, tractography was exclusively conducted utilizing CSD.

2.4.2 Part B—image resolution and processing
The impact of spatial and angular resolution on streamline

reconstruction was assessed by resampling the b2000 BIMP MRI

data and the dHCP MRI data. BIMP data was (1) resampled to

2 mm and 1 mm isotropic voxels, and (2) using original voxel

size, the number of gradient directions was decreased from 45

to 32. Thirty-two gradient directions were chosen to match the

30–32 gradient directions commonly applied in neonatal dMRI

tractography. Downsampling was performed by in-/excluding

volumes to a ratio 2/1 (the last 6 volumes were all included).

dHCP data was processed as single shell data with b = 2,600

s/mm2 and 128 gradient directions. In addition, the number of

gradient directions was decreased to 45 (by selecting the first 53

volumes, including 8 b0 volumes, an equal distribution was

preserved) for the dHCP data to simulate BIMP data quality.

fODF estimation, streamline reconstruction and bundle

segmentation were performed using baseline settings.

The BIMP scan with motion artifacts was preprocessed twice,

once with and once without outlier replacement using the FSL

repol function (16). fODF estimation, streamline reconstruction

and bundle segmentation were performed using baseline settings.
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Three response function estimation algorithms were applied to

the original preprocessed b2000 BIMP data, including the Tournier

(23), FA (27) and Tax (tailored to MRtrix3) (28) algorithms. The

following steps, including streamline reconstruction and bundle

segmentation, were performed using baseline settings.

2.4.3 Part C—tractography settings
Effects of three key settings on streamline reconstruction were

tested, including fODF threshold (0.05, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6,

0.7), angle threshold (30°, 40°, 50°, 60°), and step size (0.39 mm

[=1/2 in-plane voxel size], 0.78 mm [=in-plane voxel size], 1 mm

and 2 mm). fODF estimation was done using baseline settings. In

case the step size was larger than the ROI thickness, the

algorithm stepped over the ROI (Supplementary Figure S1). The

ROI thickness (0.78 mm in coronal and sagittal plane and 2 mm

in axial plane) was then increased to three slices in the coronal

and sagittal plane and to two slices in the axial plane for

reconstructions with step size 1 mm and 2 mm.
2.5 Visualization and quantification of local
modeling and tractography

Visualization comprised of a combination of (1) histograms to

assess the number of peaks per white matter voxel (fODF threshold

0.2), (2) local modeling of centrum semiovale, and (3) streamline

reconstructions of the CC and CST for all experiments. Motion

correction visualization additionally comprised (1) dMRI

volumes to demonstrate the effect of outlier replacement, (2)

tractography from a randomly placed single voxel in the

posterior limb of the internal capsule (Figure 2) to visualize

differences between tract reconstruction from the same voxel in a

scan with and without motion correction, and (3) local modeling

(scaling 2) and tractography differences between results with and

without outlier replacement.

Streamline and diffusion measures, including streamline count,

average streamline length [standard deviation (SD)], fractional

anisotropy (FA; percentage change relative to baseline settings) and

mean diffusion (MD; percentage change relative to baseline

settings) were calculated for each reconstructed fiber bundle.

Calculations were performed with MRTrix3 (tcksample with

-stat_tck option or tckstats) and averaged in python 3 where

appropriate. Streamline count and mean streamline length (SD) are

included in the figures. Diffusion measures are summarized in tables.
3 Results

3.1 Subject characteristics

The dMRI data of two infants from the BIMP study (with a

total of 138 infants recruited) and one infant from dHCP were

selected for this study (see images of raw data in Supplementary

Figure S2). The BIMP infants were born late preterm (35 weeks

gestation) and the dHCP infant was born full term (39 weeks

gestation); see Table 1 for neonatal and TEA infant characteristics.
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FIGURE 1

Schematic overview of experiment settings. (A) Shows the signal intensity relative to the applied b-values (with screenshots of the non-motion BIMP
scan) and a local modeling reconstruction using diffusion tensor imaging (DTI) and constrained spherical deconvolution (CSD). (B) Displays the spatial
and angular resolution and processing settings. Top left panel: The voxel size section shows a coronal snapshot of streamline reconstructions and the
corresponding local modeling reconstructions for different voxel sizes with a grid overlay. Top right panel: Gradient directions were plotted on a
sphere for BIMP-data (45 and 32 gradient directions) and dHCP-data (128 gradient directions). Bottom left panel: Head motion can result in signal
dropout. As shown in this figure, tilting the head forward mid scanning (scanning caudal to cranial; red lines) results in double scanning of the
posterior area (overlapping lines) and missing data of the frontal area (gap). Bottom right panel: Response function estimation with three
algorithms results in minor differences, mainly in the amplitude of the response function. (C) Displays the tractography settings. The impact of
fODF threshold 0 or 0.2 for displayed (2-dimensional) fODF, angle threshold for angle 30 of 60 and step size are show. A step size larger than the
voxel size (blue dots) may result in streamlines being missed (black dashed line) by the region of interest (green area).
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FIGURE 2

ROI placement for fiber bundle tractography, (A) corpus callosum, (B) left corticospinal tract, (C) single voxel tractography from a random ROI in the
left posterior limb of internal capsule (white circle) and (D) left association fibers. Green: inclusion ROIs; red: exclusion ROIs.

TABLE 1 Infant characteristics.

BIMP BIMP motion dHCP

Neonatal period
Gestational age in weeks+days 35+2 35+6 39+4

Birth weight in grams 1,790 2,595 3,100

Head circumference in cm 31 33 Not registered

Gender Female Female Female

Plurity Twin Singleton Singleton

Admission to neonatal
intensive care unit

Yes Yes Unknown

At TEA MRI
PMA in weeks+days 42+3 41+4 39+5

Weight in grams 2,850 3,610 Unknown

Head circumference in cm 35.7 (T1 MRI) 35.8 (T1 MRI) 35

Head circumference was measured from axial T1 MRI (29).
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3.2 Part A: foundational choices

The difference between single-direction tensor estimation with

DTI and multi-direction fODF estimation with CSD is visualized in

Figure 3. Where DTI local modeling was not designed to reveal

potential crossing fibers, CSD based local modeling allowed for

tracing of crossing fibers. Fiber bundle reconstructions of the CC,

CST and association fibers were visibly different between DTI,

with clean and clearly separated bundles, and CSD, with more

branched and intersected or crossing bundles (see Figure 3

inserts). The difference between b800 and b2000 scans can best

be seen on reconstructions with CSD, where streamlines

projected more laterally [CC (red), CST (blue) and association

fibers (green)] in b2000 scans compared to the b800 scans

(Figure 3). CSD on b2000 scans resulted in most reconstructed

streamlines and longest average streamline length for the

superior longitudinal fasciculus bundle.
3.3 Part B: image resolution and processing

Compared to the reconstructed anisotropic voxel size (0.78 ×

0.78 × 2 mm), 2 mm isotropic voxels showed a lower percentage

of voxels with 3 peaks (Figure 4). Visually, the 2 mm isotropic
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voxels resulted in less evident crossing of CC streamlines with

those of the CST in the local modeling reconstructions

(highlighted by the yellow circle in Figure 4) than the

reconstructed anisotropic voxel size. The local modeling

differences were reflected in the streamline reconstructions; a

branch of the CC was not reconstructed (yellow arrow Figure 4)

and less branching was visible in general (red circle Figure 4). In

contrast, the 1 mm isotropic voxels showed higher fODF density

and was visually more apparent where bundles cross, but only

minor effects on streamline reconstructions were seen.

Downsampling the number of gradient directions influenced the

direction of the fODFs, which was reflected in a missing branch

of the CC (white arrow Figure 4).

Downsampling the angular resolution of high-quality research

data to 45 directions led to increased amplitudes (in all directions)

of fODFs in voxels exhibiting equal fODF amplitude across

multiple directions (Figure 5). Tractography was most affected at

branches in more peripheral regions of the brain. Comparing the

original BIMP data and down-sampled dHCP data, considerable

differences in tract reconstruction and branching were observed.

The number of gradient directions and the voxel size affected

streamline count and length. Notably, resolution and number of

gradient directions had an inverse effect on streamline count and

length of the CC and CST. The inverse effect was best seen in

the 32-gradient scan (Figure 4), where the CC had a higher

streamline count and length compared to the 45-gradient scan,

while the CST had a lower count and length. Down sampling

from 128 to 45 gradient directions had a different effect on

streamline reconstruction and resulted in a higher count and

lower length for both the CC and CST (Figure 5).

Motion artifacts decreased image quality and affected

angularity and amplitude of local modeling (Figure 6).

Tractography of the CC and CST was visibly affected by

motion artifacts (yellow circles Figure 6). Notably, distinct tracts

were reconstructed from seeding in a single voxel in the

posterior limb of internal capsule (Figure 6). Failure to perform

motion correction resulted in a decreased streamline count and

shorter mean streamline length in the single voxel

reconstruction, but CST streamline count and length were only

marginally affected.
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FIGURE 3

DTI vs. CSD tractography using single-shell b800 and b2000 neonatal dMRI data with low angular resolution (45 directions). DTI resulted in clean and
separated bundle reconstructions, while CSD resulted in more branched and intersected bundle reconstructions. Reconstructions were acquired from
the BIMP scan without motion.
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The application of three different response functions did not

result in major differences in fODF directionality, but fODF

amplitude was notably different, predominantly for the primary

fiber direction (Figure 7). The amplitude was smallest for the

Tournier algorithm and largest for the Tax algorithm. The

amplitude shift was most evident in the branching of the CC.

Specifically, the Tournier algorithm yielded more peripheral

branching compared to the FA algorithm, while in the Tax

algorithm, one branch was absent in the CC (white arrow

Figure 7). Furthermore, the higher amplitude coincided with a

reduction in voxels exhibiting three peaks, and an increase in

streamline count and length for CC reconstructions but not for

CST reconstructions.
3.4 Part C: tractography settings

The fODF threshold mostly affected the complexity and

branching of the fiber bundles (Figure 8). Higher fODF

thresholds resulted in a shift from mostly three peak directions

per white matter voxel (threshold 0.05) towards mostly one peak

direction per white matter voxel (threshold 0.4 and higher;

Figure 8). The degree of branching vastly decreased with

increasing fODF threshold. For threshold 0.6 and higher, no

streamlines could be generated for the CC and therefore not

visualized in Figure 8.

An increasing angle threshold increased bundle complexity and

branching (Figure 9). Best seen in the CST, bundle diameter

visually increased with increasing angle (Figure 9).
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Step size primarily affected tract reconstruction when the step

size was larger than the voxel size (Figure 10). Step size 0.39 mm

(1/2× voxel size) and 0.78 mm (1× voxel size) only showed

minor variance in tract reconstruction. However, 1 mm and

2 mm step size resulted in the reconstruction of new branches,

with 2 mm step size showing the most noticeable differences

(yellow circles Figure 10).

Streamline count and length were substantially affected by

tractography settings, with effects varying for the CC and CST.
3.5 Diffusion measures

Spatial and angular resolution, (pre-)processing and tractography

settings affected diffusion measures, such as FA andMD. Variation of

up to 23% (CSD b2000 vs. CSD b800 superior longitudinal

fasciculus) in diffusion measure were seen (see Tables 2–4).

Fundamental settings from part A had the most impact on

diffusion measures, and response function and step size from part

B and C had the least impact on diffusion measures (all <5% change).

4 Discussion

The search for optimal white matter tract reconstruction in

adult data has been ongoing since the inception of dMRI brain

tractography. Surprisingly, there has been a notable scarcity of

research in optimizing tractography in the neonatal brain. While

the techniques employed are not novel and results align with

expectations based on adult data, this study was, to the best of
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FIGURE 4

Spatial and angular resolution of unsedated neonatal diffusion MRI, including voxel (an)isotropy, voxel size and number of gradient directions affected
streamline reconstructions. Crossing of corpus callosum streamlines with corticospinal tract streamlines were less apparent in the 2 mm isotropic scan
(yellow circle) and different image resolution affected the reconstruction of a branch of the corpus callosum (white arrows). Tractography settings,
such as step size (set to 0.5 mm), were not adapted to resolution. Reconstructions were acquired from the BIMP scan without motion.
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our knowledge, the first to extensively investigate the feasibility of

reconstructing crossing fiber bundles using unsedated neonatal

dMRI data. Our findings confirmed feasibility and highlighted

notable tract reconstruction differences between CSD and DTI

tractography techniques. We additionally assessed the

performance of CSD tractography, which was found to be

susceptible to technical and practical choices made during dMRI

acquisition, image preprocessing, local modeling, and fiber

tracking. This susceptibility was evident both visually (local

modeling and tractography) and quantitatively (morphological

and diffusion measures), emphasizing the necessity of careful

consideration and optimization of technical and practical factors

in neonatal dMRI studies using CSD.

Our results suggest CSD to be a feasible and effective method for

reconstructing white matter tracts with unsedated neonatal dMRI

data and confirmed CSD’s superiority (30) over DTI in handling

crossing fiber regions (31). To the best of our knowledge, only one
Frontiers in Radiology 0839
study has previously compared (deterministic) DTI and

(probabilistic) CSD tractography with unsedated neonatal dMRI

data. Toselli et al. qualitatively assessed three white matter tracts

based on the presence of false-positive and false-negative tracts

and anatomical accuracy of the reconstructed bundles as rated by

two neuroradiologists (7). Although the authors state that CSD

allows for reconstruction of white matter tracts more completely

than DTI, CSD’s ability to reconstruct crossing fiber bundles could

not be deducted from the presented results (7). Also, observed

differences may not only be attributed to local modeling

technique, but also fiber tracking technique since deterministic

tractography was used for DTI and probabilistic tractography was

used for CSD (7). The distinct characteristics of these fiber

tracking techniques—such as deterministic tracking yielding a

single fiber per seed voxel and probabilistic tracking generating a

multitude of potential trajectories per seed voxel—significantly

influences the visual appearance of reconstructed bundles (32).
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FIGURE 5

High-quality diffusion MRI data from the developing human connectome project was down sampled from 128 (single-shell; upper row) to 45 (lower
row) gradient directions. Branching/fanning of the corpus callosum was visibly affected by down sampling. Reconstructions were acquired from the
dHCP scan.

FIGURE 6

Motion artifacts (reflected in signal dropout) affected tractography. The single voxel posterior limb of internal capsule reconstruction was severely
affected by axial slice dropout, resulting in less and shorter tracts. However, these findings were not reflected in the CST reconstructions.
Reconstructions were acquired from the BIMP scan with motion. The lower row visualizes differences between repol and no repol with
overlapping streamlines visualized in white.
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Further testing of methodological settings along the dMRI

processing pipeline illustrated the influence of spatial and angular

resolution, and preprocessing settings on tractography. Generally,

an isotropic voxel size is preferred over an anisotropic voxel size

due to its advantages in uniform resolution, equal sampling, and

reduced partial volume effects (33). The 1 mm isotropic
Frontiers in Radiology 0940
resolution is visually favored over the 2 mm (Figure 3), but it

either requires longer scan times during high-resolution

acquisition or necessitates data resampling. The voxel size

resampling utilized in this study involves data interpolation,

which may affect data quality. Consequently, differences observed

in local modeling and tract reconstruction may not solely arise
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FIGURE 7

Response function method affected local modeling and tractography reconstructions. A higher fODF amplitude was found for FA, compared to
Tournier, and for Tax, compared to FA. Reconstructions were acquired from the BIMP scan without motion.
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from variations in voxel size. It is important to note, however, that

the reconstructed voxel size of images used in this study differed

from the acquired voxel size, also introducing uncertainties due

to interpolation (8).

Reducing the number of gradient directions reduces angular

information and leads to greater uncertainty in fODF estimations

(31). The transition from 45 to 32 directions (BIMP data) in

this study exerted a more pronounced visual impact on streamline

reconstruction than the shift from 128 to 45 directions (dHCP

data). According to a study by Tournier et al., a minimum of

45 gradient directions is recommended for intermediate b-values

(approximately b = 3,000 s/mm2), with preferably higher angularity

to boost overall signal-to-noise ratio (34). Consequently, 32

directions may prove insufficient, resulting in elevated uncertainty

values and reconstruction errors. An added complexity for the

current study is that the dHCP-subject was born full term (39+4)

while the BIMP-subject was born late preterm (35+2). Moderate-late

preterm infants typically exhibit less brain maturation compared to

full-term infants at TEA, thereby potentially influencing the

visualized differences in angular resolution.

The practice of scanning infants without sedation offers

benefits by avoiding sedation-related risks, but also increases the

likelihood of infants waking during the scan, introducing motion

artifacts. dMRI scans are particularly sensitive to infant motion

due to the complexity, duration, and loudness of noises

associated with the sequences (35). Our results show that
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omitting signal dropout correction (FSL repol) severely affects

white matter tract reconstructions (Figure 5). Moreover, signal

dropout represents just one of the effects of motion (other effects

include slice-to-volume or volume-to-volume misalignment) and

motion is not the only common artifact in dMRI. Other artifacts

can be induced by factors such as Gibbs ringing, eddy and EPI

distortions, and signal inhomogeneity. Therefore, thorough

quality assessment and artifact correction before tractography are

crucial, as failing to address these issues leads to heightened

uncertainty in streamline output. An overview of dMRI-related

artifacts and how to approach correction was previously

described by Tax et al. (36).

The influence of response function estimation algorithm

selection seems to be limited in our images. Nevertheless,

variations such as the missing branch in the CC reconstruction

with the Tax algorithm were observed. The recursive calibration

parameters (relative magnitude between main and second peak,

and anisotropy of the initial response function) for this

algorithm were set to accommodate typical adult scans at higher

b-values and may have to be adjusted for infant data. While

providing further technical explanations for these techniques falls

beyond the scope of this paper, the experiment underscores how

conscious or unconscious choices in data processing can

influence tractography outcomes.

Although tractography settings frequently vary between studies,1

they exert a significant influence on tractography outcomes. For
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FIGURE 8

fODF thresholding (indicated on the left) mostly affected more peripheral sections of fiber bundles. Reconstructions were acquired from the BIMP
scan without motion.
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example, the effects of varying the FOD threshold visually adheres to

a logical pattern, resulting in shorter and less branching tracts as the

FOD increases. However, in contradiction, the streamline count

increases with an increasing FOD threshold. This discrepancy can

be attributed to the tractography settings, where the streamline

count for whole brain tractography was set to 10 million. The

algorithm continues to seed until this threshold has been reached,

while increasing the FOD threshold decreases the number of

potential seeding locations.

A small step size (smaller than the voxel size) is generally

advised for fiber tracking, as larger step size may result in the

algorithm stepping over the ROIs, potentially missing eligible

streamlines (stepping over inclusion ROI) or potentially

reconstructing too many streamlines (stepping over exclusion

ROI). Therefore, for step sizes larger than the voxel size, ROI-

thickness was increased, see Supplementary Figure S1.

Visual reconstructions, as well as streamline count and length,

were affected by most of the setting adjustments. Importantly,

effects varied between the CC and CST fiber bundles in some of

the experiments. This indicates that different fiber bundles are

impacted differently by methodological choices. Furthermore,

diffusion measures experienced variation of up to 23%, exceeding

the typical percentage change observed when comparing

diffusion measures between populations (5%–10% change). In

contrast, only minimal FA variations were found for the CST.
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CST reconstructions were mostly affected at the peripheral parts

of the tracts, while the majority of the tract with relatively high

FA values is the main, dense branch. Variations in peripheral

reconstructions may therefore not severely affect the CST FA

values. The results emphasize the significance of testing settings

on the available dataset and carefully observing their effects on

tract reconstruction, in order to identify the optimal setting

combination for the specific dataset and tracts prior to analyzing

large datasets (37). Subsequently, accurate and comprehensive

reporting of processing and tractography settings to facilitate

reproducibility of studies is essential.

Since the first introduction of tractography for analysis of

neonatal data, the preferred method has remained DTI.1 In adult

data, CSD tractography has been studied on a larger scale,

including comparisons of DTI and CSD tractography on dMRI

data of lower quality (generally single-shell, b-value <2,000

s/mm2 and <40 gradient directions) (38–41). Although none of

these studies have primarily focused on assessing feasibility of

reconstructing crossing fiber bundles—such as zooming in on the

fODFs and tract reconstructions at regions where fibers cross—

the presented images of fiber tract reconstructions for visual

comparison of DTI and CSD provide insight into the appearance

of tracts and the preferred use of CSD over DTI (38–41).

The implementation of CSD tractography for neonatal data

brings forth concerns regarding potential false positive and false
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FIGURE 9

An increasing angle threshold (indicated on the left) resulted in more branching of streamlines and a visually increased bundle diameter.
Reconstructions were acquired from the BIMP scan without motion.
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negative streamlines (4). For instance, the streamlines that project

inferiorly in the reconstruction of the CC (see Figure 8 with high

angle threshold) may be considered false positive tracts, as their

existence has not been anatomically confirmed. However, such

reconstructions are not uncommon and are also reported in

adult data (4). Nevertheless, evaluating anatomical accuracy poses

challenges, as numerous factors influence tractography

reconstruction. In two studies in which research groups were

tasked with performing tractography on a raw adult dataset (4) or
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segmenting white matter tracts from an adult whole brain

tractography (42), significant variations in tract reconstruction were

observed. Schilling et al. even noted that bundle segmentation from

a provided whole brain tractogram was a greater source of

variability in the virtual dissection process than imaging protocols

and variability across subjects (42). Therefore, while assessing

anatomical accuracy is crucial, addressing the challenges associated

with variability in tractography reconstruction and bundle

segmentation may be necessary beforehand.
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FIGURE 10

Step size (listed on left) mostly affected tract reconstruction with a step size larger than the voxel size (with increased region of interest thickness).
Differences were highlighted with yellow circles. Reconstructions were acquired from the BIMP scan without motion.
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4.1 Strengths and limitations

To the best of our knowledge, this study is the first to

demonstrate the feasibility of CSD with unsedated neonatal

dMRI data, considering its capacity to reconstruct crossing fiber

bundles and visualize local modeling in regions with crossing

fibers. We systematically explored the implications of imaging

and image processing choices across all stages of acquisition,

preprocessing, and tractography on streamline reconstructions,

with a focus on visualizing local modeling and two major fiber
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bundles. However, some limitations should be acknowledged. We

limited our assessment to two fiber bundles crossing in the

centrum semiovale, acknowledging that effects on streamline

reconstruction and crossing fiber bundles may vary in other

brain regions. In addition, anatomical accuracy was not assessed.

We recognize the importance, and intend to address this in

future studies. Furthermore, while executing this study, multiple

tractography approaches were tested on the available data.

Processing the multi-shell dHCP was preferably done using the

multi-shell multi-tissue algorithm from Dhollander (43).
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TABLE 3 Diffusion measures for experiments as indicated under part B for each reconstructed fiber bundle.

Experiment description Fiber bundle Mean FA %-change Mean MD %-change
BIMP Reconstructed CC 0.312 0.00122

2 mm CC 0.289 −7.57 0.00121 −1.48
1 mm CC 0.302 −3.49 0.00121 −1.29
32 directions CC 0.310 −0.85 0.00122 −0.58
Reconstructed CST 0.408 0.00097

2 mm CST 0.414 1.51 0.00097 0.11

1 mm CST 0.346 −15.30 0.00098 1.12

32 directions CST 0.398 −2.46 0.00097 −0.28
dHCP 128 directions CC 0.380 0.00114

45 directions CC 0.387 1.88 0.00105 −8.40

128 directions CST 0.413 0.00106

45 directions CST 0.440 6.62 0.00094 −11.79

Response function Tournier CC 0.312 0.00122

FA CC 0.313 0.10 0.00122 −0.21
Tax CC 0.314 0.36 0.00122 −0.49
Tournier CST 0.408 0.00097

FA CST 0.411 0.81 0.00097 −0.14
Tax CST 0.412 1.08 0.00097 0.04

Motion correction Repol CC 0.274 0.00117

No repol CC 0.280 2.40 0.00118 0.25

Repol CST 0.372 0.000972

No repol CST 0.362 −2.85 0.000970 −0.15
Repol PLIC 0.392 0.00097

No repol PLIC 0.360 −8.15 0.00098 0.72

Mean fractional anisotropy and mean diffusivity values were derived from a single fiber bundle. Percentage-change was calculated with respect to (1) reconstructed

anisotropic voxels with 45 directions for BIMP data, (2) 128 directions for dHCP data, (3) Tournier algorithm, and (4) motion correction with repol option. Bold values

highlight experiments with >5% change in diffusion measure. FA, fractional anisotropy; MD, mean diffusivity; fODF, fiber orientation distribution function; CC, corpus

callosum; CST, corticospinal tract; SLF, superior longitudinal fasciculus; PLIC, posterior limb of internal capsule.

TABLE 2 Diffusion measures for experiments as indicated under part A for each reconstructed fiber bundle.

Experiment description Fiber bundle Mean FA %-change Mean MD %-change
DTI b800 CC 0.342 0.00132

b2000 CC 0.346 1.23 0.00118 −10.60

CSD b800 CC 0.304 −11.31 0.00137 3.84

b2000 CC 0.312 −8.70 0.00122 −7.19

DTI b800 CST 0.407 0.00106

b2000 CST 0.420 3.40 0.00098 −7.68

CSD b800 CST 0.404 −0.59 0.00103 −2.88
b2000 CST 0.408 0.41 0.00097 −8.53

DTI b800 SLF 0.261 0.00125

b2000 SLF 0.266 1.87 0.00122 −2.62
CSD b800 SLF 0.219 −16.09 0.00155 23.76

b2000 SLF 0.247 −5.31 0.00123 −2.02

Mean fractional anisotropy and mean diffusivity values were derived from a single fiber bundle. Percentage-change was calculated with respect to DTI on a b800 scan. Bold

values highlight experiments with >5% change in diffusion measure.

DTI, diffusion tensor imaging; CSD, constrained spherical deconvolution; FA, fractional anisotropy; MD, mean diffusivity; fODF, fiber orientation distribution function; CC,

corpus callosum; CST, corticospinal tract; SLF, superior longitudinal fasciculus; PLIC, posterior limb of internal capsule.
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However, when testing this algorithm on the dHCP data, it failed to

model white matter, grey matter and cerebrospinal fluid-like signal

contributions properly. Similar results were previously reported by

Dhollander et al. (44). Improving multi-shell multi-tissue

algorithms for neonatal data is needed to also allow for full

utilization of the high-quality data. Moreover, this study only

assessed deterministic CSD compared to deterministic DTI

tractography, other local modeling approaches and probabilistic
Frontiers in Radiology 1445
algorithms were not assessed. Furthermore, we selected a focused

sub-set of processing and tractography settings anticipated to

have a strong impact on streamline reconstruction. While

acknowledged that additional settings, such as streamline count,

seeding method, choice of software toolbox employing different

algorithms, various imaging acquisition settings, and MR system

may also influence tractography outputs, the scope of these

factors is too large to include them all. Nonetheless, the
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TABLE 4 Diffusion measures for experiments as indicated under part C for each reconstructed fiber bundle.

Experiment description Fiber bundle Mean FA %-change Mean MD %-change
fODF threshold 0.05 CC 0.309 −1.23 0.00122 −0.20

0.1 CC 0.312 0.00122

0.2 CC 0.324 3.70 0.00121 −0.88
0.3 CC 0.338 8.09 0.00119 −2.37
0.4 CC 0.346 10.75 0.00118 −3.53
0.5 CC 0.349 11.74 0.00114 −6.53

0.05 CST 0.408 −0.11 0.000970 0.03

0.1 CST 0.408 0.000970

0.2 CST 0.412 0.90 0.000966 −0.36
0.3 CST 0.422 3.38 0.000960 −1.07
0.4 CST 0.441 7.95 0.000949 −2.11
0.5 CST 0.457 11.95 0.000938 −3.24
0.6 CST 0.468 14.62 0.000931 −3.99
0.7 CST 0.476 16.60 0.000929 −4.19

Angle threshold 30 CC 0.324 0.00125

40 CC 0.313 −3.57 0.00122 −1.84
50 CC 0.306 −5.58 0.00121 −2.75
60 CC 0.304 −6.09 0.00121 −3.01
30 CST 0.415 0.000964

40 CST 0.408 −1.61 0.000970 0.65

50 CST 0.399 −3.74 0.000979 1.60

60 CST 0.397 −4.33 0.000983 1.97

Step size 0.39 CC 0.313 0.00122

0.78 CC 0.312 −0.43 0.00122 −0.09
1 CC 0.311 −0.66 0.00123 0.07

2 CC 0.312 −0.30 0.00122 −0.06
0.39 CST 0.409 0.000970

0.78 CST 0.407 −0.54 0.000971 0.14

1 CST 0.405 −1.06 0.000969 −0.02
2 CST 0.406 −0.68 0.000971 0.12

Mean fractional anisotropy and mean diffusivity values were derived from a single fiber bundle. Percentage-change was calculated with respect to (1) fODF threshold 0.1, (2)

angle 30 and (3) step-size 0.39 mm. Bold values highlight experiments with >5% change in diffusion measure.

DTI, diffusion tensor imaging; CSD, constrained spherical deconvolution; FA, fractional anisotropy; MD, mean diffusivity; fODF, fiber orientation distribution function; CC,

corpus callosum; CST, corticospinal tract; SLF, superior longitudinal fasciculus; PLIC, posterior limb of internal capsule.
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selected factors offer valuable insights into the implications of

decision-making processes on settings and their effect on

tractography outcomes.
4.2 Recommendations/future directions

In the field of neonatal dMRI tractography with CSD, studies

should focus on refining multi-shell multi-tissue models for

neonatal data to better characterize tissue microstructure and utilize

the full potential of multi-shell data acquired from neonates.

Secondly, exploring global modeling techniques could offer valuable

insights by incorporating information from larger brain regions

simultaneously (instead of focusing on a single voxel with current

techniques), potentially enhancing the accuracy and robustness of

streamline reconstructions. Thirdly, leveraging deep learning

methods, such as TractSeg (45), holds promise for improving

efficiency, accuracy and reproducibility in streamline

reconstruction, but applicability on neonatal data should be

assessed first. Finally, we encourage researchers to experiment with

settings in multiple study subjects and thoroughly document the

final settings to enhance reproducibility and comparability of
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multi-center data. While experimenting, it is crucial to bear in

mind that cleaner tracts, more fiber crossings, a higher streamline

count, or longer streamlines do not inherently equate to more

accurate results or “higher connectivity” (46). Jones et al. published

a comprehensive overview on basic insights, limitations, pitfalls,

misunderstandings, misconceptions and misinterpretation of dMRI,

highlighting common misconceptions of dMRI tractography (46).
5 Conclusion

Tractography with unsedated neonatal diffusion MRI data

using CSD is feasible and has advantages over using DTI for this

type of data. CSD is valuable for reconstructing crossing fiber

bundles, resulting in more peripherally projecting fiber branches

of the corpus callosum and corticospinal tracts.

We take caution with defining specific methods or

combinations of settings for researchers in the field of neonatal

dMRI, as these settings may yield different effects on datasets

distinct from those used in our study. Instead, we aimed to

demonstrate the feasibility of CSD tractography with unsedated

neonatal dMRI data and illustrate the impact of processing
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choices on tractography outcomes. This study sheds light on the

technical and practical decisions involved in neonatal dMRI

tractography, highlighting that variations in settings from

acquisition to tractography have a substantial effect on output,

within and across datasets. From acquisition to tractography

analysis, settings should be carefully deliberated before initiating

a study and notable distinctions between adult and neonatal

applications should be kept in mind during this process.
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Thalamic volume in very preterm
infants: associations with severe
brain injury and
neurodevelopmental outcome at
two years

Emiliano Trimarco1*, Bahram Jafrasteh1,

Natalia Jiménez-Luque1, Yolanda Marín Almagro1,

Macarena Román Ruiz1, Manuel Lubián Gutiérrez1,2,

Estefanía Ruiz González1,2, Antonio Segado Arenas1,2,

Simón Pedro Lubián-López1,2 and

Isabel Benavente-Fernández1,2,3

1Biomedical Research and Innovation Institute of Cádiz (INiBICA) Research Unit, Puerta del Mar

University Hospital, Cádiz, Spain, 2Division of Neonatology, Department of Paediatrics, Puerta del Mar
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Introduction: Several studies demonstrate the relationship between preterm

birth and a reduced thalamus volume at term-equivalent age. In contrast, this

study aims to investigate the link between the thalamic growth trajectory during

the early postnatal period and neurodevelopment at two years of age.

Methods: Thalamic volume was extracted from 84 early MRI scans at

postmenstrual age of 32.33 (± 2.63) weeks and 93 term-equivalent ageMRI scans

at postmenstrual age of 42.05 (± 3.33) weeks of 116 very preterm infants (56%

male) with gestational age at birth of 29.32 (± 2.28) weeks and a birth weight

of 1158.92 (± 348.59) grams. Cognitive, motor, and language outcomes at two

years of agewere assessedwith Bayley Scales of Infant and Toddler Development

Third Edition. Bivariate analysis was used to describe the clinical variables

according to neurodevelopmental outcomes and multilevel linear regression

models were used to examine the impact of these variables on thalamic volume

and its relationship with neurodevelopmental outcomes.

Results: The results suggest an association between severe brain injury and

thalamic growth trajectory (β coef = −0.611; p < 0.001). Moreover, thalamic

growth trajectory during early postnatal life was associated with the three

subscale scores of the neurodevelopmental assessment (cognitive: β coef =

6.297; p = 0.004; motor: β coef = 7.283; p = 0.001; language: β coeficient

= 9.053; p = 0.002).

Discussion: These findings highlight (i) the impact of severe brain injury on

thalamic growth trajectory during early extrauterine life after preterm birth and

(ii) the relationship of thalamic growth trajectory with cognitive, motor, and

language outcomes.
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1 Introduction

Very preterm infants (VPI), those born at or before 32 weeks of
gestational age (GA), have a higher risk of mortality and adverse
neurodevelopmental outcome (1–3). Despite improvements in
survival rates over the past few decades including for extremely
preterm infants (4–6), preterm birth continues to impact negatively
on long-term neurodevelopmental outcomes (7–10). Crucial brain
development events that take place in the third trimester of
pregnancy may be disrupted and modified by preterm birth
with subsequent risk of neurological injury (11–13). Preterm
delivery and its consequences can impact specific aspects of
cerebral development, such as the thalamocortical system (14–
17), affecting thalamic volume and white matter maturation even
in the absence of brain injury (18). Thus, thalamic volume in
premature newborns has been associated with the type of nutrition
(19), the presence of white matter injury (20–23), exposure to
painful procedures (24), parenting (25). Recent research by our
group demonstrated the potential to cluster magnetic resonance
images (MRI) deemed pathological according to Kidokoro’s score
(26) using only morphological thalamus variables extracted from
term-equivalent age (TEA) T1-weighted scans (27). Abnormalities
in thalamocortical connectivity and reduced thalamic volume
have been linked to adverse neurodevelopmental outcomes
(28–30) and lower cognitive performance in adulthood (31,
32) in very preterm population. Furthermore, abnormalities in
thalamocortical connectivity explored with functional MRI have
been associated with Autism Spectrum Disorder (33, 34). While
numerous studies have explored various aspects of early (35, 36)
and TEA (14, 28, 29) brain scans, there is a notable lack of research
investigating the combination of these scans using volume growth
trajectory analysis. Our study aims to address this gap by providing
insights into the neurodevelopmental processes from early to
TEA, thereby contributing to a deeper understanding of brain
development during this critical period. Using a trajectory instead
of just a point provides a dynamic and comprehensive measure of
brain development by capturing changes in thalamic volume over
time, as opposed to a single static measurement. This approach
allows for the identification of growth patterns, offering valuable
insights into developmental processes and potential abnormalities
that might be missed with a single volume measure.Therefore,
our hypothesis seeks to investigate the relationship between
clinical complications, such as brain injury, and the thalamic
volume growth trajectory measured at two distinct time points.
Additionally, we aim to explore the potential of utilizing the
thalamic volume growth trajectory as a predictive marker for
neurodevelopmental outcomes at two years of age in a population
of VPI. This investigation involves a comprehensive analysis of
thalamic volume changes over time, considering various clinical
factors that may influence neurodevelopmental outcomes.

2 Material and methods

2.1 Participants

This longitudinal study included VPI, with GA at birth ≤ 32
weeks, admitted to the Hospital Puerta del Mar, Cádiz, Spain,

from January 2018 to September 2021. The exclusion criteria were
defined as the presence of congenital or chromosomal anomalies,
metabolic disorders, and central nervous system infections. This
study was approved by the Research and Ethics Committee, and
all parents or guardians of the participants provided informed
consent. The data used in this study were collected and managed
using Research Electronic Data Capture (REDCap) software (37,
38). The initial cohort included 194 eligible infants, of which
152 had at least one MRI. We excluded 36 patients who did
not complete neurodevelopmental assessment at 2 years, with
a final sample size of 116 preterm infants with at least one
MRI and 2-year neurodevelopmental assessment (Figure 1A). VPI
not included in the final study sample (n= 78) did not differ
significantly in GA, birth weight, and sex from those included,
as reported in Table 1. We included 177 brain MRIs: 84 (47.5%)
were early scans at a mean PMA of 32.33 (± 2.63) weeks,
and 93 (52.5%) TEA scans were performed at a mean PMA of
42.05 (± 3.33) weeks. Remarkably, 61 of 116 infants (52.6%)
had both early and TEA scans (Figure 1B). Our final study
sample included 116 VPI (56% male) with a mean GA at birth
of 29.32 (± 2.28) weeks and a mean birth weight of 1158.92
(± 348.59) grams.

2.2 MRI acquisition and analysis

MRI scans were performed at 2 chronological points: in the
first weeks of life and at the TEA. MRI scans were performed
using a 1.5 T scanner Magneton Symphony (Siemens Health Care,
Erlangen, Germany) located in the radiology unit. T1w images were
obtained using a three-dimensional spoiled gradient [repetition
time 1,660 (RT)/echo time 5.16(ET)]. The acquisition parameters
were as follows: spacing in x, y and z direction: 0.54, 0.54, 1.09;
echo time=3.67 ms; flip angle=15◦ and repetition time=1910.0
ms. The obtained T1w MRI has been converted to equal spacing
of 0.9 for study purpose. MRI preprocessing included automatic
brain extraction followed by manual correction, N4 bias field
correction, and image enhancement and it was performed using
MELAGE (39). The results were verified by experts and manually
corrected if needed. The thalamus segmentation was performed
using an approach from our previous work (27) and was further
refined by experts in the group. Specifically, we employed a
multi-atlas approach using the Melbourne Children’s Regional
Infant Brain (M-CRIB 2.0) atlas (40). We first registered the MRI
images to the neonatal atlas and then transferred the atlas labels
to the MRI images. Finally, we used a local atlas weighting to
assign a label to the thalamus, similar to the neonatal pipeline
proposed by (41, 42). Figure 2 illustrates an example of early and
TEA MRI images with overlaid segmentation. From left to right,
we can see coronal, sagittal, and axial views, respectively. After
the left and right thalamic volume segmentions, we tested the
correlation between them. The Pearson correlation coefficient was
very high (r = 0.98), indicating a very strong linear relationship
and suggesting that the two volumes are almost identical in our
study population. Therefore, the sum of left and right volumes was
used in the statistical analysis as a more robust measure of overall
thalamic volume.
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FIGURE 1

(A, B) Flow diagram of the study population. VPI, Very Preterm Infants; MRI, Magnetic Resonance Image; BSITD-III, Bayley Scales of Infant and

Toddler Development, Third Edition; TEA, Term-Equivalent Age.

TABLE 1 Comparison between very preterm infants included in the study and ones excluded.

VPI included (n = 116) VPI excluded (n = 78) p

GA (weeks) 29.3± 2.3 28.2± 2.8 0.621

Sex (Male) 65 (56.0 %) 39 (50.0 %) 0.409

Weight (grams) 1,159± 349 1,036± 383 0.594

VPI, very preterm infants; GA, gestational age. Continuous variables are presented as mean± standard deviation; Binary variables are shown as an absolute and relative frequency (percentage).

2.3 Clinical variables

Perinatal and postnatal variables were prospectively collected,
including sex, weight at birth, GA, and postmenstrual age (PMA)
at the time of the scan. VPI born with a weight below the
10th percentile for the gestational age are defined as small for
gestational age (SGA) (43). The comorbidities were grouped
in a scale based on other composite medical risk scales (44,
45), including: significant patent ductus arteriosus (PDA) (patent
requiring surgical or pharmacological closure), severe retinopathy
of prematurity (ROP) (stage 3 or higher), moderate to severe
bronchopulmonary dysplasia (BPD) (oxygen requirements at 36
weeks PMA), late-onset sepsis (LOS) (systemic signs of infection
and isolation of a bacterial pathogen in blood culture after 5
days of life) and necrotising enterocolitis (NEC) (Bell stage II
or higher). The presence of at least one comorbidity was scored
with 1, and absence was scored with 0. Severe brain injury
was considered in the presence of grade 3 germinal matrix-
intraventricular hemorrhage (GM-IVH 3) and/or parenchymal
hemorrhagic infarction (PHI), and/or moderate to severe white
matter injury (WMI) (46). Maternal years of education were
considered an approximation to socioeconomic status (47, 48).

2.4 Neurodevelopmental outcomes

At two years of corrected age, assessments were performed
using the Bayley Scales of Infant and Toddler Development,
Third Edition (BSITD-III) (49). The cognitive, motor, and
language scale scores are standardized to a mean of 100

and a standard deviation of 15. In our study sample, the
mean scores obtained were 100.26 (± 14.74) for cognitive,
98.80 (± 14.20) for motor and 96.48 (± 17.25) for language
scales. The three scores were considered both quantitative
measurements and qualitative ones, considering a favorable
outcome as a score ≥ 85, while an adverse outcome was
considered for a score < 85. Among the VPI included in the
study, 16 (13.8%) showed an adverse cognitive outcome, 19
(16.4%) an adverse motor outcome and 22 (19.0%) an adverse
language outcome.

2.5 Statistical analysis

The initial phase involves a descriptive analysis of the clinical
variables of VPI, comparing those exhibiting favorable outcomes to
those with adverse outcomes for each BSITD-III subscale. Variables
were described as frequency and percentage if they were categorical
variables. If continuous, they were expressed as mean and standard
deviation or median and interquartile range after testing for
normality. Bivariate analysis was performed using Pearson’s chi-
squared test or Fisher’s exact test for categorical variables and
Student t-test or Mann-Whitney U test for continuous variables.
The second step concerns a multilevel linear regression model
to study the association between clinical variables and thalamic
volume, accounting for repeated measurements and time. In
the third stage, multilevel linear regression models were used
to investigate the relationship between thalamic volume and
clinical variables with each BSITD-III subscale score, accounting
for repeated measurements and time. The included variables
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FIGURE 2

T1w images (A–C) with thalamus segmentation (B–D) into coronal (1), sagittal (2), and axial planes (3). The scans are from a healthy very preterm

infant of 29.14 weeks of gestational age. The early scan (A, B) shows a right thalamus volume (blue) of 1.75 cm3 and a left thalamus volume (orange)

of 1.80 cm3 at 27.57 weeks of postmenstrual age while the TEA scan (C, D) shows a right thalamus volume (blue) of 4.45 cm3 and a left thalamus

volume (orange) of 4.47 cm3 at 43.14 weeks of postmenstrual age.

were selected based on the theoretical background and with
a backward stepwise approach to exclude the non-significant
variables if not considered variables for which an adjustment was
needed. All models are adjusted for GA, PMA at the scan and
total brain volume. Statistical analysis was conducted using Stata
17.0 (Stata Statistical Software: Release 17, College Station, TX:
StataCorp LP). The results were considered statistically significant
at p ≥ 0.05.

3 Results

3.1 Clinical variables and 2-year
neurodevelopmental outcome

Adverse cognitive outcome was related to sex, with a higher
proportion of males having adverse cognitive outcome compared
to good outcome (14 (87.5%) vs. 51 (51.0%); p=0.006), significant
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TABLE 2 Clinical variables of VPI with and without adverse outcome.

Cognitive outcome Motor outcome Language outcome

Adverse
(n = 16)

Favorable (n = 100) p Adverse
(n = 19)

Favorable
(n = 97)

p Adverse
(n = 22)

Favorable
(n = 94)

p Total
(n = 116)

Sex (male) 14 (87.5%) 51 (51.0%) 0.006∗ 14 (73.7%) 51 (52.6%) 0.129 18 (81.8%) 47 (50%) 0.008∗ 65 (56.0 %)

Weight (grams) 1,075± 409 1,172± 338 0.150 1,142± 336 1,162± 353 0.407 1,051± 396 1,184± 334 0.053 1,159± 349

SGA 3 (18.7%) 15 (15.0%) 0.713 3 (15.8%) 15 (15.5%) 1.000 6 (27.3%) 12 (12.8%) 0.107 18 (15.5%)

GA (weeks) 28.3± 2.7 29.5± 2.2 0.066 29.0± 2.4 29.4± 2.3 0.395 28.7± 2.6 29.4± 2.2 0.241 29.3± 2.3

Significant PDA 5 (31.2%) 9 (9.0%) 0.025∗ 5 (26.3%) 9 (9.3%) 0.053 5 (22.7%) 9 (9.6%) 0.138 14 (12.1%)

ROP 3 (18.7%) 4 (4.0%) 0.054 4 (21.0%) 3 (3.1%) 0.013∗ 4 (18.2%) 3 (3.2%) 0.024∗ 7 (6.0%)

BPD 7 (43.75%) 15 (15.0%) 0.006∗ 9 (47.4%) 13 (13.4%) 0.001∗ 10 (45.4%) 12 (12.8%) 0.001∗ 22 (19.0%)

LOS 5 (31.2%) 22 (22.0%) 0.524 6 (31.6%) 21 (21.6%) 0.349 6 (27.3%) 21 (22.3%) 0.622 27 (23.3%)

NEC 0 (0.0%) 1 (1.0%) 1.000 0 (0.0%) 1 (1.0%) 1.000 1 (4.5%) 0 (0.0%) 0.190 1 (0.9%)

Comorbidity index 11 (68.7%) 34 (34.0%) 0.012∗ 12 (63.2%) 33 (34.0%) 0.017∗ 12 (54.5%) 33 (35.1%) 0.092 45 (38.8%)

GM-IVH 3 and/or PHI 6 (37.5%) 6 (6.0%) 0.001∗ 5 (26.3%) 7 (7.2%) 0.012∗ 5 (22.7%) 7 (7.4%) 0.034∗ 12 (10.3%)

WMI 2 (12.5%) 2 (2.0%) 0.091 3 (18.7%) 1 (1.0%) 0.014∗ 3 (13.6%) 1 (1.0%) 0.021∗ 4 (3.4%)

Severe brain injury 7 ( 43.7%) 8 (8.0%) 0.001∗ 7 (36.8%) 8 (8.2%) 0.001∗ 7 (31.8%) 8 (8.5%) 0.003∗ 15 (12.9%)

Maternal education (years) 13.2± 4.2 14.8± 3.8 0.067 13.3± 4.4 14.9± 3.8 0.050∗ 13.2± 3.6 14.9± 3.9 0.028∗ 14.9± 3.9

SGA, small for gestational age; GA, gestational age; PDA, patent ductus arteriosus; ROP, retinopathy of prematurity; BPD, bronchopulmonary dysplasia; LOS, late-onset sepsis; NEC, necrotising enterocolitis; GM-IVH 3, germinal matrix-intraventricular hemorrhage

of grade 3; PHI, parenchymal hemorrhagic infarction; WMI, white matter injury. Continuous variables are presented as mean± standard deviation; Binary variables are shown as an absolute and relative frequency (percentage). ∗p < 0.05.
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TABLE 3 Results of the multilevel linear regression model based clinical

variables in relation to thalamic volume.

Thalamic volume: Wald chi2=2666.86, p-model <0.0001

Coef β p

Const 5.694 <0.001∗

GA 0.028 0.212

Sex (Male) -0.035 0.694

PMA at scan 0.013 0.499

Comorbidity index -0.056 0.598

Severe brain injury -0.611 <0.001∗

Maternal education (years) 0.008 0.536

Total brain volume 0.015 <0.001∗

GA, gestational age; PMA, postmenstrual age. ∗p < 0.05.

PDA (5 (31.2%) vs. 9 (9.0%); p=0.025), moderate to severe BPD (7
(43.75%) vs. 15 (15.0%); p=0.006), grade 3 GM-IVH and/or PHI (6
(37.5%) vs. 6 (6.0%); p=0.001) and severe brain injury (7 (43.7%)
vs. 8 (8.0%); p=0.001). Regarding the motor score, adverse outcome
was related to severe ROP (4 (21.0%) vs. 3 (3.1%); p=0.013),
moderate to severe BPD (9 (47.4%) vs. 13 (13.4%); p=0.001), GM-
IVH 3 and/or PHI (5 (26.3%) vs. 7 (7.2%); p=0.012), moderate to
severe WMI (3 (18.7%) vs. 1 (1.0%); p=0.014) and severe brain
injury (7 (36.8%) vs. 8 (8.2%); p=0.001). We also found fewer
years of maternal education were associated with adverse motor
outcome (13.3 ± 4.4 vs 14.9 ± 3.8; p=0.050). Finally, adverse
language outcome was associated with being male (18 (81.8%) vs.
47 (50.0%); p=0.008), severe ROP (4 (18.2%) vs 3 (3.2%); p=0.024),
moderate to severe BPD (10 (45.4%) vs 12 (12.8%); p=0.001), GM-
IVH 3 and/or PHI (5 (22.7%) vs. 7 (7.4%); p=0.034), moderate to
severe WMI (3 (13.6%) vs. 1 (1.0%); p=0.021) and severe brain
injury (7 (31.8%) vs. 8 (8.5%); p=0.003). In addition, fewer years
of maternal education (13.2± 3.6 vs. 14.9± 3.9; p=0.028) were also
associated with adverse language outcome. A detailed description
of the clinical variables related to the 2-year neurodevelopmental
outcome is present in Table 2.

3.2 Clinical variables and thalamic volume

When studying the association of thalamic volume with
perinatal variable, we found that severe brain injury was
significantly related to thalamic volume (β coef=-0.611; p=<0.001).
Table 3 summarizes the results of the multilevel regression model
and Figure 3 shows the thalamic growth trajectory in VPI with
severe brain injury and those without it.

3.3 Thalamus volume related to 2-year
neurodevelopmental outcome

We studied the relationship of thalamic volume, total
brain volume, and perinatal variables with the 2-year
neurodevelopmental outcome accounting for repeated

measurement and time. Table 4 shows the multilevel model
for each BSITD-III subscale. Thalamic growth trajectory during
early life was significantly related to cognitive (β coef=6.297;
p=0.004), motor (β coef = 7.283; p=0.001) and language (β
coef=9.053; p=0.002) outcomes at 2 years of age. Similarly, PMA
at scan was related to cognitive (β coef=-1.468; p=0.005), motor
(β coef=-1.839; p<0.001) and language (β coef=-1.541; p=0.004)
outcomes. Moreover, years of maternal education were related to
cognitive outcome (β coef=0.946; p=0.001) and sex (male) was
related to language outcome (β coef=-9.091; p=0.002).

4 Discussion

Our findings align with previous studies that have
demonstrated a significant relationship between the presence
of severe brain injury and reduced thalamic volume in VPI
(14, 50). Srinivasan et al. (14) reported significantly reduced
thalamic and lentiform volumes in VPI at TEA compared to
term-born controls, with the most marked reductions observed in
those with brain injury. Similarly, Kersbergen et al. (50) reported
a reduced volume of the thalamus in the TEA scan but not in
the early ones of VPI with a specific type of white matter lesion,
the cystic periventricular leukomalacia. In addition, some studies
indicated a significant relationship between thalamic morphology
and neurodevelopment (28, 51). Kline et al. (51) found that
thalamic volume, together with temporal lobe curvature and insula
curvature, were significant predictors of motor development by
analyzing structural brain MRI data at TEA and relating it to
BSITD-III motor scores at two years of age in a cohort of 75 VPI.
In our study, which includes a larger sample size, we demonstrate
a significant relationship between thalamic growth trajectory and
various developmental outcomes, including cognitive, motor,
and language abilitiess. The study by Loh et al. (28) reported
smaller volumes of basal ganglia and thalamic in very preterm
compared to term-born infants at TEA. It also establishes a positive
relationship between neonatal basal ganglia and thalamic volumes
and 7-year neurodevelopmental outcomes, underlining the
persistent effect among the lifespan of a reduced thalamic volume
at birth. Regarding early scan, Pagnozzi et al. (35) identified
cortical gray matter volumes, cortical thickness, and sulcal depth
as early predictors of the cognitive and motor outcome at 2 years
of age through a prospective cohort of 181 infants with MRI data
acquired between 29-35 weeks of PMA. Analogously, Moeskops et
al. (36) examined the predictive capacity of automatic quantitative
brain MRI descriptors for identifying preterm infants at risk of low
cognitive and motor outcomes at 2-3 years of age utilizing MRI
scans from 173 VPI acquired between 30 and 40 weeks of PMA.
Both early scan studies didn’t consider the volume of the thalamus
in isolation, but rather, it is grouped with other regions of deep
gray matter.

Notably, most studies focusing on morphological MRI analyses
often concentrate on scans acquired at TEA, whereas only a few
studies consider early scans, and none examine both early scans
and TEA scans together. Our work underscores the advantage of
studying MRI data from different time points in early extrauterine
life and offers insights into thalamic growth trajectory and its
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FIGURE 3

Thalamic growth trajectory in VPI with severe brain injury (red points) and those without severe brain injury (blue points).

TABLE 4 Thalamic volume and clinical variables related to 2-year neurodevelopment outcomes.

Cognitive Motor Language

Coef β p Coef β p Coef β p

Const 102.646 <0.001∗ 103.768 <0.001∗ 102.487 <0.001∗

GA 0.494 0.376 0.296 0.564 0.535 0.453

Sex (male) -3.320 0.164 -4.209 0.063 -9.091 0.002∗

PMA at scan -1.468 0.005∗ -1.839 <0.001∗ -1.541 0.004∗

Comorbidity index 0.171 0.950 -4.206 0.099 0.647 0.862

Severe brain injury -6.098 0.102 -5.254 0.161 -4.787 0.330

Maternal education (years) 0.946 0.001∗ 0.521 0.103 0.743 0.080

Total brain volume -0.023 0.530 -0.026 0.477 -0.065 0.169

Thalamic volume 6.297 0.004∗ 7.283 0.001∗ 9.053 0.002∗

GA, gestational age; PMA, postmenstrual age. ∗p < 0.05.

impact on neurodevelopment in preterm infants. While some
studies adjust their analyses for socioeconomic factors like the
mother’s educational level, few incorporate potential comorbidities
commonly affecting VPI into their analyses. Incorporating such
comorbidities into analyses can provide a more comprehensive
understanding of the factors influencing outcomes in the
preterm population.

This study has several limitations that should be considered:
the sample size was relatively small, and future studies with
larger cohorts are warranted to validate and generalize the
findings. The study focused on thalamic volume, and it would be
valuable to consider other brain regions and their interactions in
future investigations. Our analyses do not account for potential

other confounding factors, such as pain procedures during the
early extrauterine life, which has been related to regionally-
specific alterations in the thalamus (24) and later adverse
neurodevelopment outcome (52).

Moving forward, our research aims to expand in several
directions to enhance the depth and scope of our findings. Firstly,
we plan to increase the sample size to improve the statistical
power and generalizability of our results. Additionally, we intend
to extend our investigation beyond infancy and include assessments
of neurodevelopmental outcomes during preschool and school-age
years. This longitudinal approach will allow us to examine the long-
term impact of thalamic growth trajectory in early extrauterine life.
Furthermore, we plan to integrate data from other MRI sequences
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to gain a more comprehensive understanding of brain structure
and function. By incorporating information from different imaging
modalities, such as diffusion tensor imaging, we can explore
additional aspects of brain maturation and connectivity that may
contribute to neurodevelopmental outcomes.

5 Conclusion

The present work shows the impact of severe brain injury
on thalamic growth trajectory during early extrauterine life after
preterm birth and the relationship with 2-year cognitive, motor,
and language outcomes. Our study highlights how a reduced
thalamic volume may reflect atypical brain development, which
in turn seems to impact long-term neurodevelopmental outcome.
These findings warrant further research, which could lead to
tailoring interventions and strategies starting during early postnatal
life to promote optimal neurodevelopment.
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MOG-antibody-associated
transverse myelitis with the
H-sign and unusual MRI
enhancement: a case report
and literature review
Lu Zhang†, Chuan Feng†, Ling He, Shi-Yu Huang,
Xin-Yin Liu and Xiao Fan*

Department of Radiology, National Clinical Research Center for Child Health and Disorders, Ministry of
Education Key Laboratory of Child Development and Disorders, Children’s Hospital of Chongqing
Medical University, Chongqing, China
Transverse myelitis is the second most common symptoms in myelin
oligodendrocyte antibody-associated diseases (MOGAD), causing obvious
clinical manifestation. T2-hyperintense lesions mainly restricted to the gray
matter in the spinal cord on axial magnetic resonance imaging, produce the
H-sign, which is thought to be the typical finding of MOGAD. Contrast
enhancement can be observed in some cases of myelin oligodendrocyte
antibody-associated transverse myelitis (MOG-TM). However, reports on the
enhancement pattern associated with the H-sign are rarely seen. In this report,
we describe a case of pediatric MOG-TM in which the H-sign was observed
without enhancement, while the surrounding white matter exhibited
enhancement. This pattern contradicts the previously observed gray matter
involvement. Then we reviewed the literatures of myelin oligodendrocyte
antibody-positive myelitis to focus on the neuroimaging features and discuss
the implications of our finding.

KEYWORDS

myelin oligodendrocyte glycoprotein, antibody, myelitis, magnetic resonance imaging,
H-sign

Introduction

Myelin oligodendrocyte antibody-associated disease (MOGAD) is a central nervous

system (CNS) demyelinating disease that has been identified in recent years. Transverse

myelitis (TM) is the second most common presentation, occurring in approximately

26% of MOGAD (1). TM is characterized clinically by an acute or subacute onset of

motor, sensory, and autonomic symptoms and signs attributable to cord dysfunction

(2). The severity of the attack varies, typically moderate to severe with expanded

disability status scale (EDSS) scores >4 in about half of patients with up to one-third
Abbreviations

ADEM, acute disseminated encephalomyelitis; AQP-4, aquaporin-4; BBB, blood-brain barrier; CNS, central
nervous system; CSF, cerebrospinal fluid; EDSS, expanded disability status scale; LETM, longitudinally
extensive transverse myelitis; MOG, myelin oligodendrocyte glycoprotein; MOGAD, myelin
oligodendrocyte antibody-associated diseases; MOG-TM, myelin oligodendrocyte antibody-associated
transverse myelitis; MRI, magnetic resonance imaging; MS, multiple sclerosis; NMOSD, neuromyelitis
optica spectrum disorder; SETM, short transverse myelitis; T1W, T1-weighted; T2W, T2-weighted; TM,
transverse myelitis.
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being non-ambulatory at the nadir of acute myelitis attack (3, 4),

and many requiring bladder catheterization (5). Magnetic

resonance imaging (MRI) is incorporated into the diagnostic

criteria for MOGAD as the sole imaging modality capable of

visualizing spinal cord lesions.

According to the latest diagnosis criteria of MOGAD (2023)

(6), acute T2-hyperintense lesions restricted to the gray matter in

the spinal cord on axial imaging, produce the H-sign (as seen in

30%–50% of patients), which is thought to be the typical finding

of myelin oligodendrocyte antibody-associated transverse myelitis

(MOG-TM) (6). This finding challenges the prevailing notion

that demyelinating diseases primarily affect white matter in the

central nervous system. Contrast enhancement is seen in

approximately 50% of patients with MOG-TM, and cauda equina

and pial enhancement have been reported (3, 7–9). Reports

on the enhancement pattern associated with the H-sign are

rarely seen.

MOG-TM can also be involved in children, who may be

observed the H-sign on MRI. In this study, we presented one

pediatric patient diagnosed with MOG-TM, observed a

characteristic H-sign on axial MRI. Interestingly, only the white

matter surrounding the H-sign exhibited enhancement.
Case presentation

An 11-year-old boy exhibited progressive numbness and

weakness in both lower extremities for 2 days after experiencing

an unexplained fall 6 days prior to hospitalization (February 8,

2018). Within 2 days of admission, he experienced quadriplegia,

in addition to sensory and motor deficits below the nipples

bilaterally, as well as dysfunction of bowel and bladder control.

Neurological and physical examinations demonstrated reduced

muscle strength in the lower limbs, as well as the absence of

knee, abdominal wall and cremasteric reflexes. His medical and

family history were found to be unremarkable. Upon admission,

the blood analysis showed an increase in white blood cell count

(15.92 × 109/L), an elevated percentage of neutrophils (93%), and

an elevated level of C-reactive protein (11 mg/L). The following

day, there was an increase in the total cellular count in the

cerebrospinal fluid (CSF) (550 × 109/L) and an increase in

nucleated cells (420 × 106/L). Serum and CSF samples were

examined for demyelinating and autoimmune antibodies using a

cell-based assay with full-length human antigenic substrates at

the China branch of Euroimmun Medical Diagnostic Laboratory

(EUROIMMUN AG, Lübeck, Germany). The results showed a

positive titer of MOG-antibody at 1:100 in the serum and 1:1 in

the CSF. However, other demyelinating antibodies such as

aquaporin-4 (AQP-4) and autoimmune antibodies in both the

blood and CSF tested negative.

Six days after admission, a spinal MRI scan showed significant

signal changes in the entire cervical and thoracic spinal cord

segments on T1-weighted (T1W) and T2-weighted (T2W)

sequences. These changes were consistent with a diagnosis of

longitudinally extensive transverse myelitis (LETM) and short

transverse myelitis (SETM) (Figure 1A), with the C2-T6 segment
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primarily affected in the gray matter and displaying the

characteristic “H-sign” (Figures 1B,C). The white matter exhibited

pronounced enhancement following the injection of contrast

agent, particularly in the posterior funiculus, depicting primarily

patchy enhancement. However, no enhancement was detected in

the H-sign (Figures 1D,E). After performing a cranial MRI scan,

multiple lesions were observed in the bilateral cerebral

hemispheres, right basal ganglia, pons, and medulla, without any

enhancement (Figures 1F,G).

Therefore, the diagnosis of MOGAD was confirmed, and first-

line immunotherapy, including intravenous methylprednisolone

and immunoglobulin, was commenced promptly. After 2 months

of consistent treatment, there was a marked improvement in

symptoms, with only residual symptoms remaining, such as mild

bladder dysfunction and motor dysfunction in both lower limbs.

The oral steroid dosage was taken for about 40 days and

subsequently tapered gradually with outpatient monitoring. After

41 days since the initial scan, a follow-up MRI revealed obvious

absorption of the previously abnormal signals in the spinal cord

without any noticeable enhancement, consistent with the clinical

presentation (Figure 1H). During the latest telephone follow-up

on April 8, 2024, his family reported no recurrence of symptoms.
Literature review on neuroimaging

We then performed a review of current literatures, using

“myelin oligodendrocyte glycoprotein” or “MOG” as the search

terms, to identify research studies performed on myelin

oligodendrocyte antibody-positive myelitis focusing on the

description of the “H-sign” and enhancement pattern. Studies

lacking MRI original data were excluded. Data of 237 patients

were collected from eight publications and Table 1 summarizes

135 cases of MOG-TM with the H-sign, accounting for 29.4%–

83.3% of the incidence rate. The proportion of lesion

enhancement also varied, ranging from 25.0% to 60.0%. The

enhancement pattern were typically patchy and faint or nodular.

Moreover, leptomeningeal or subpial enhancement and spinal

nerve roots enhancement were not uncommon. In three pediatric

cohorts (total n = 77), the H-sign were observed in 51 out of 77

cases (66.2%). 50.0% (26/52) lesion enhancement were found in

children with MOG-antibody-positive myelitis, which is the most

common. This is then followed by the enhancement of

leptomeninges and nerve roots, making up 38.5% (20/52) and

30.8% (16/52) respectively. Unfortunately, there was insufficient

information available regarding the enhancement of lesions

displaying the H-sign.
Discussion

Studies from multiple countries support MOGAD as a global

disease affecting people of all ages. The incidence of MOGAD is

1.6–3.4 per million people per year, and the prevalence is

estimated at 20 per million (95% CI 11–34) (15, 16). Myelin

oligodendrocyte glycoprotein (MOG) is expressed on the surface
frontiersin.org
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FIGURE 1

The spinal MRI of this patient. (A) The sagittal T2W image of spine shows LETM ranging from C2 to T1 segments (arrow) and SETM in thoracic spinal
cord (arrow head). (B,C) Axial T2W images of spine show hyperintensity primarily located in the gray matter and displaying the characteristic “H-sign” in
the level of C3 (the upper line in a) and C6 (the lower line in a). (D,E) This hyperintensity displays no enhancement, but the bilateral posterior funiculus
was obviously enhanced on axial T1W images (arrow). The bilateral lateral funiculus and right anterior funiculus were also found moderate
enhancement (arrow head). (F,G) Axial fluid-attenuated inversion recovery images of brain show multiple lesions located in the right basal ganglia
and bilateral cerebral hemispheres, with no enhancement (not shown). (H) A follow-up MRI scan of spine shows obvious absorption of the
previously abnormal signals in the spinal cord.
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of the myelin sheath, mainly in CNS neurons, and accounts for

about 0.5% of myelin components (17, 18). Thus, MOGAD is

generally considered to have a favorable prognosis compared to

other CNS demyelinating diseases such as AQP-4 positive

neuromyelitis optica spectrum disorder (NMOSD) and multiple

sclerosis (MS). Nevertheless, MOGAD have garnered significant

interest among neurologists due to its tendency to relapse.

TM, which is one of the main symptoms of MOGAD, has an

incidence of roughly 20%–30%, a male-to-female ratio of roughly

1:1, and a peak age of onset at 20–40 years old (10). Younger

children usually present as a component of acute disseminated

encephalomyelitis (ADEM), while older children may be

concurrent with optic neuritis (12). Most patients experience

good to excellent motor recovery (3, 7, 19), but permanent

bladder, bowel or sexual dysfunction can occur (3, 7, 20). Early

detection of lesions, especially the typical findings of MOG-TM

on MRI, facilitates early immune intervention. According to the

latest criteria proposed by the International MOGAD Panel, the

presence of H-sign on MRI is considered a supportive feature for

the diagnosis of MOGAD in cases of myelitis (6).

We report a pediatric patient diagnosed with MOGAD who had

the characteristic H-sign on spinal MRI. It is widely accepted that the

enhancement of lesions in MOGAD on MRI is thought to be due to

the disruption of the blood-brain barrier (BBB) resulting from

inflammation. Circulating cytokines may increase the BBB’s

permeability and promote inflammatory infiltration into the CNS

(21, 22). In this case, the T2 hyperintensity was identified in the

gray matter (referred to as the H-sign) without any enhancement.
Frontiers in Pediatrics 0360
In contrast, the surrounding white matter displayed significant

enhancement. This suggests that the BBB in the white matter may

have been compromised due to inflammation, despite the absence

of hyperintensity on T2W images. Therefore, the pathological

alterations may not be restricted solely to the gray matter

exhibiting T2 hyperintensity, but also involve the white matter

with potentially more severe effects. Our results did not align with

previous studies suggesting that the presence of the H-sign on

MRI indicated exclusive or primary gray matter involvement in

MOG-TM (2–4, 23).

Due to the important role of the H-sign in diagnosis, a review

of literatures of MOG-TM cases with the H-sign from the last

decade was undertaken to gain insight into its etiology. A total of

135 patients of MOG-TM displaying the H-sign were collected

from eight studies, in which only three were pediatric cohort, the

other five were mixed cohort. The most common clinical

manifestations reported in these eight studies were weakness,

sensory disturbances and bowel/bladder dysfunction. Although

some patients with MOG-TM experienced severe symptoms

(EDSS≥ 7) at onset, the majority of patients had complete

resolution of symptoms during follow-up, with residual sphincter

dysfunction in some cases. These results are generally in

accordance with mild myelin damage observed in the pathology

of MOGAD (24). Simultaneously, we further summarize the

enhancement characteristics of these cases. The H-sign was

reported ranging from 29.4% to 83.3% and was also common in

pediatrics accounting for approximately 66.2%. In terms of

enhancement, there were lesions with enhancement (typically
frontiersin.org
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TABLE 1 A review of patients of MOGAD with H sign published in the last 10 years.

No. /Total
no. (%)

No. 1 mixed
cohort

No. 2 mixed
cohort

No. 3 mixed
cohort

No. 4 pediatric
cohort

No. 5 mixed
cohort

No. 6 mixed
corhort

No. 7 pediatric
corhort

No. 8 pediatric
corhort

Research Dubey et al. (3) Zhang Bao et al.
(10)

Fadda et al. (9) Tantsis et al. (2) Kitley et al. (11) Netravathi et al. (12) El Naggar et al. (13) Ren et al. (14)

Demographics (n=) 54 38 40 10 9 19 33 34

Typical age at first
myelitis (year)

3–73 (median: 25) 7–57 (mean:
28.13 ± 12.74)

3.80–11.48 (median: 6.71) 6.0–14.8 (median:11.0) mean: 32.29 1–66 (median:21)d 5–10 (median: 7) 0.5–13.1 (7)

Sex (F:M) 24:30 62:68 23:17 6:4 4:5 13:6 14:19 16:18

Follow-up time 2–120 months
(median: 24)

NA 4.14–8.30 years (median:
5.96)

NA 22–38.5 months
(median: 18)

median: 1 year NA 8–109 months
(median: 28)

Clinical features
Antecedent 31 (57%) 23/55a (41.8%) NA NA NA 40/93 (43.0%) NA 3/35a (8.6%)

Infection/
immunization

33 (61%) 3/55a (5.5%) NA NA NA 0 NA 1/35a (2.7%)

Disease course
(monophasic or
relapsing)

Relapsing
(32/54, 59.3%）

Relapsing (75/
130, 57.7%）

NA NA Monophasic Relapsing (3/19,
15.8%)

NA Relapsing (6/34, 17.7%）

Myelitis symptoms
Weakness 45/54 (83.3) 29/38 (76.3) NA 10/10 (100.0) NA NA NA 32/35 (91.4)

Sensory disturbances 48/54 (88.9) 33/38 (86.8) NA 8/10 (80.0) NA NA NA 16/35 (45.7)

Bowel/bladder
dysfunction

45/54 (83.3) 26/38 (68.4) NA 9/10 (90.0) 33% NA NA 22/35 (62.9)

Erectile dysfunction in
men

13/24 (54.2) NA NA NA NA NA NA NA

EDSS≥ 7 at myelitis
nadir

18/54 (33.3) NA NA NA Median 6.0 (range:
4–8.5)

NA NA 16/35 (45.7)

Recovery from myelitis
attacks

Median mRS was 1
(range: 0–4)

Median EDSS was
1 (range, 0–7.5)

Median EDSS was 1
(range, 0–1.5) in 22

patients

NA The median EDSS
was 0 (range, 0–

2.5)

NA NA Median EDSS was 0
(range, 0–2)

Need for gait aid long
term

3/54 (5.6） NA 0/22b NA 0 NA NA 0

Extra spine manifestations
Optic neuritis NA 11/27 (40.7) 2/40 (5.0) NA 4/9 (44.4) NA 7/33 (21.2) NA

Encephalopathy ✓ 17/40 (42.5) NA 2/9 (22.2) NA 14/33 (42.4) 15/35 (42.9)

Non-specific symptoms NA NA 6/40 (15.0) NA NA NA NA NA

CSF findings acutely
Oligoclonal bands 1/38 (2.6) NA NA 0/8 4/9 (44.4) 3 (15.8%) 4/32 (12.5) 11/35 (31.4)

White cell count >5/µl 30/42 (71.4) NA NA NA >10/ul: 5（55.6%) 8 (42.1%) NA 22/35 (62.9)

White cell count >50/µl 22/42 (52.4) NA NA NA NA NA NA
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patchy and faint or nodular), leptomeningeal or subpial

enhancement and spinal nerve root enhancement. Approximately

half of the pediatric patients displayed focal enhancement of the

lesion, however, the specific details of the enhancement in

relation to the H-sign were not clarified.

The findings from prior studies have confirmed that a large

proportion of individuals diagnosed with MOG-TM demonstrate

a positive outcome, regardless of the severity of symptoms

present at the disease onset (25). This may be attributed to the

lesser impact of the disease on gray matter, which is a crucial

organ housing neurons, and is not the primary site of damage in

demyelinating diseases. Therefore, in conjunction with our case,

we propose that although the gray matter exhibits hyperintensity

on T2W images (appearing as the H-sign) and seems to be the

most severely affected area, the lesions may primarily consist of

edema and the BBB remains intact. Once the inflammation

resolves, the edema would decrease soon and the clinical

manifestations would vanish. However, the white matter, which

did not display obvious hyperintensity adjacent to the gray

matter on T2W images, showed enhancement, indicating a

disruption of the BBB. Nevertheless, the demyelination process of

the white matter appeared to be more amenable to repair than

the gray matter damage. The difference of enhancement pattern

between the gray and white matter might be a possible reason to

explain the positive outcome of MOG-TM.

As previously stated, most of MOG-TM lesions tend to resolve

effectively, leading to a limited number of spinal cord biopsies

available to substantiate our findings. According to a recent

animal study on MOG-IgG experimental autoimmune

encephalomyelitis (EAE), inflammation was found to initiate

primarily in the white matter region during both acute and

chronic stages of the disease (26). The infiltration and activation

of inflammatory cells such as macrophages and T-cells mainly

existed in the white matter with a small amount in the gray

matter. The rate of spinal demyelinating lesions in these model

mice was relatively high, particularly in the posterior funiculus,

where it exceeded 60% at the acute stage (26). Thus, we speculate

that the possible cause of the enhancement of the posterior

funiculus, located opposite to the H-sign area in our case, may

be attributed to the accumulation of MOG antibodies or a

significant presence of inflammatory cells in the white matter. In

the acute stage of MOGAD, there should be inflammatory edema

present in both white and gray matter, leading to increased T2W

signals in both areas. This is consistent with MOG-TM lacking

the characteristic H-sign. However, the high levels of MOG

antigen in the white matter region (27), may lead to a

concentration of MOG antibody or inflammatory cells,

potentially reducing the T2W signal in the white matter and

eventually causing the formation of the H-sign. The elevated

cellularity or high concentration deposition of protein may lead

to a decrease in the T2W signal within the lesion area, as

demonstrated in various other medical conditions (28–30).

Additional animal experiments and clinical studies are necessary

to validate the relationship between the H sign and the levels of

MOG antibodies in MOGAD. Nevertheless, our findings indicate

that it is imperative to not only prioritize gray matter lesions in
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MOG-TM due to the presence of the H sign, but also to consider

the possibility of more severe lesions in the white matter.

There are several limitations to our study. First, our sample size

utilized was limited, and studies with larger sample is needed to

clarify the enhancement pattern of the H-sign. Second,

pathological biopsy evidence was lacking and only animal

experiments were conducted to support the findings. Third,

prospective experiments are required to investigate the

correlation between the H-sign and serum antibody titers.

This study presents a pediatric case of MOG-TM, who exhibited

a distinct H-sign and an unusual enhancement pattern. It is

important to highlight that the H-sign, indicative of gray matter

involvement, may not represent the critical anatomical region

associated with MOG-TM. Furthermore, we recommend the use

of enhanced MRI for patients suspected of having MOG-TM.
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Intraventricular hemorrhage (IVH)4 is one of the most threatening neurological 
complications associated with preterm birth which can lead to long-term sequela 
such as cerebral palsy. Early recognition of IVH risk may prevent its occurrence 
and/or reduce its severity. Using multivariate logistic regression analysis, risk factors 
significantly associated with IVH were identified and integrated into risk scales. A special 
aspect of this study was the inclusion of mathematically calculated cerebral blood 
flow (CBF) as an independent predictive variable in the risk score. Statistical analysis 
was based on clinical data from 254 preterm infants with gestational age between 
23 and 30  weeks of pregnancy. Several risk scores were developed for different 
clinical situations. Their efficacy was tested using ROC analysis, and validation of the 
best scores was performed on an independent cohort of 63 preterm infants with 
equivalent gestational age. The inclusion of routinely measured clinical parameters 
significantly improved IVH prediction compared to models that included only obstetric 
parameters and medical diagnoses. In addition, risk assessment with numerically 
calculated CBF demonstrated higher predictive power than risk assessments based 
on standard clinical parameters alone. The best performance in the validation 
cohort (with AUC  =  0.85 and TPR  =  0.94 for severe IVH, AUC  =  0.79 and TPR  =  0.75 
for all IVH grades and FPR  =  0.48 for cases without IVH) was demonstrated by the 
risk score based on the MAP, pH, CRP, CBF and leukocytes count.

KEYWORDS

preterm birth, immature brain, intraventricular hemorrhage, cerebral blood flow, 
multivariate logistic regression analysis, risk score, prognostic accuracy, ROC analysis

1 Introduction

Advances in obstetric and neonatal care in recent decades have resulted in a significant 
reduction in perinatal mortality. However, the incidence of intraventricular hemorrhage (IVH) 
in preterm infants with gestational age (GA) less than 32 weeks of pregnancy or body weight 
at birth (BW) less than 1,500 g remains still very high. It reaches 40% (1) for preterm infants 
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and increases for lower gestational age, reaching 52% for very preterm 
infants born before 28 weeks gestation (WG) (2). IVH is one of the 
most threatening complications of preterm birth, which may lead to 
death or long term severe neurological disorders, such as motor, 
sensor and/or cognitive disabilities. It is caused by rupture of the 
fragile vascular vessels within the germinal matrix, a highly 
vascularised layer located above the caudate nucleus and composed of 
glial and neuronal progenitor cells (3). The prediction of IVH and 
development of prevention strategies are among the most important 
tasks of modern neonatal care.

The underlying cause of cerebral hemorrhage in preterm infants 
is multifactorial. Risk factors can be divided into several groups. The 
first group includes pregnancy pathologies that are usually known 
before delivery. The second group consists of birth characteristics, 
including Apgar score, which are known already in the first minutes 
of life. The most recognized risk factors associated with IVH are low 
gestational age, low birth weight and low Apgar scores (2, 3). The 
third group contains medical diseases, among which the perinatal 
infection and early sepsis are the most dangerous (1, 2). This 
parameters can be included in risk models as soon as diseases have 
been diagnosed. The fourth group consists of medical parameters 
that are determined through routine laboratory tests, blood gas 
analysis and regular observations. These measurements are usually 
performed several times a day as part of the standard monitoring of 
preterm infants. Due to the regularity of the investigations, these 
parameters provide valuable information about the patient’s 
current status.

Another risk factor associated with the low gestational age is 
immaturity of the cerebral vascular system. The presence of germinal 
matrix before 32 WG plays a crucial role in the development of IVH 
(3). The weakness of the cytoskeletal structure exposes the delicate 
vasculature of the germinal matrix to an increased risk of rupture. 
Another anatomical feature of germinal matrix vessels is that 
capillaries are larger in diameter and the muscular layer of the vessels 
is poorly developed or absent. Thus, these anatomic features make the 
vessels susceptible to rupture and increase the risk of cerebral 
hemorrhage in early childhood. In addition, autoregulation of 
immature cerebral vessels is underdeveloped (4), resulting in an 
inadequate response to cerebral blood flow (CBF) fluctuations. Thus, 
critical CBF values are additional risk factors for IVH (3, 4), and 
taking them into account could potentially improve prognostic models.

Since gestational age, birth weight and Apgar score are often not 
sufficient to determine the health condition of preterm neonates, 
several multidimensional scales have been developed to assess risks 
for mortality or survival (5). The most popular scores, such as CRIB 
(clinical risk index for babies), CRIB-II (6, 7), SNAP (score for 
neonatal acute physiology), SNAP-II (8, 9), SNAPPE (score for 
neonatal acute physiology with perinatal extension) (10), PREM 
(prematurity risk evaluation measure) (11), were initially validated as 
predictors of mortality and morbidity, however they also have been 
shown to predict severe IVH more accurately than BW or GA alone 
(12). While low GA and BW alone are definitely important predictors 
for IVH, several other score systems for predicting early risk for severe 
hemorrhage based on various medical parameters have been 
developed (1, 13, 14).

All of the above mentioned methods have primarily included 
prenatal and perinatal variables, neonatal diseases and clinical 
parameters available within the first hours of life, arguing that the vast 

majority of IVH occurs within the first 48 h. Although numerous 
perinatal, obstetric and neonatal risk factors associated with IVH may 
be  identified early after birth (15), recent studies have revealed a 
significant association between IVH and some routinely recorded 
clinical parameters such as systolic and diastolic arterial blood and 
respiratory data (16–18). Additionally, it was demonstrated that 
fluctuating CBF had a significant association with IVH (19, 20). 
Furthermore, CBF was an important variable in machine learning 
models for differentiation between preterm infants with and without 
IVH (18).

Despite existing non-invasive methods to measure CBF, such as 
xenon-133 (21), near-infrared spectroscopy (NIRS) (22), diffusion 
correlation spectroscopy (DCS) (23) and others, CBF is not yet a 
routinely measured parameter in monitoring preterm infants in the 
neonatal intensive care unit (NICU). The mathematical model for 
calculating CBF from standard clinical records of mean arterial 
pressure (MAP), partial pressure of carbon dioxide (pCO2), partial 
pressure of oxygen (pO2), and hematocrit (Ht) were in good 
agreement with experimental measurements (19, 24) and can 
therefore be  used to analyze IVH risk factors instead of 
measured values.

The main aim of this study was to develop predictive models for 
different clinical situations to identify preterm infants at increased risk 
of IVH using standard pre/postnatal and birth parameters, medical 
diagnoses and routinely measured parameters. We also investigated a 
possibility to enhance a prognostic accuracy of the IVH risk scores by 
including numerically calculated CBF as independent 
predictive variable.

2 Materials and methods

2.1 Study population and data collection

The present work is a retrospective study based on clinical data of 
two cohorts of preterm infants with gestational age 23–30 WG born 
in four German hospitals with the highest level of care according to 
the German regulations. The study was approved by the ethic 
committee of School of Medicine Klinikum rechts der Isar, Technical 
University of Munich (Ref. 364/15), and Ethic Committee of 
University Hospital Essen, University Duisburg-Essen (Ref. 
16-7284-BO).

The derivation cohort used for construction of IVH risk scores 
included 254 preterm infants born between 2006 and 2016. The 
prediction accuracy of the developed risk scores was validated on 
more recent population of 63 preterm infants (validation cohort) born 
between 2017 and 2019.

In all four settings, occurrence of IVH was diagnosed by cranial 
ultrasound performed routinely on day 1, 3, 7, 14 of life and more 
frequently (up to daily) in case of suspected hemorrhage. The severity 
of IVH was divided into four grades according to Papile classification 
(25). In the study, groups of patients with and without IVH diagnosis 
are referred to as the affected and control groups.

In both cohorts, the following clinical data were collected:

 I. Pregnancy pathologies: (1) EPH-gestosis/pre-eclampsia, (2) 
preterm premature rupture of membranes (PPROM), (3) 
chorioamnionitis/intra-amniotic infection syndrome, (4) 
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intrauterine growth restriction (IUGR), (5) in vitro fertilization 
(IVF), (6) feto-fetal transfusion syndrome (FFTS).

 II. Birth parameters: (1) delivery mode (spontaneous or by 
cesarean section), (2) sex, (3) birth weight, (4) gestational age, 
(5) singleton/multiple births, (6) Apgar at 1 min, (7) Apgar at 
5 min, (8) Apgar at 10 min.

 III. Medical diagnoses: (1) respiratory distress syndrome (RDS), 
(2) sepsis, (3) pulmonary hemorrhage, (4) erythrocyte 
transfusion, (5) acidosis (metabolic and/or respiratory), (6) 
focal/spontaneous intestinal perforation (FIP/SIP), (7) 
thrombocytopenia, (8) necrotizing enterocolitis (NEC), (9) 
cholestasis, (10) cardiopulmonary adaptation disorder.

 IV. Routinely measured parameters (this group of parameters 
consists of measurements provided by routine laboratory tests, 
blood gas analyses and regular observations, which are usually 
carried out several times a day as part of the standard 
monitoring of premature babies): (1) pH, (2) pCO2, (3) pO2, (4) 
MAP, (5) Ht, (6) leukocyte count, (7) thrombocyte count, (8) 
C-reactive protein (CRP).

 V. Additionally, within the framework of this study, the CBF and 
CBF-CBFmean are calculated for each set of measurements of 
MAP, pCO2, pO2 and Ht and treated as independent parameters 
in the statistical analyses.

The six pregnancy pathologies and eight birth parameters were 
recorded shortly after birth, further 10 infant diagnoses were recorded 
during postnatal care. In addition, eight routinely measured clinical 
parameters were systematically recorded during 7 days before and 
3 days after IVH diagnose, or 10 days after birth for preterm infants 
without IVH diagnosis.

2.2 Calculation of the cerebral blood flow

In the present study we  calculate CBF from the 6 medical 
parameters, namely WG, BW, MAP, pCO2, pO2 and Ht using the 
hierarchical cerebral vascular model that was initially proposed for 
adult brain (26) and then adjusted to the peculiarities of the immature 
brain (19, 27). In the model, the cerebral vascular system is represented 
by 19 serially connected levels, each containing parallel connected 
vessels of a certain size. At each level, the number of vessels and their 
length and diameter are scaled according to the patient’s gestational 
age and the brain weight estimated from the birth weight (28). At the 
capillary level, an additional area is added as a parallel circuit with the 
number of vessels corresponding to the relative volume of the 
germinal matrix at a given gestational age (29). Furthermore, the effect 
of Ht on blood viscosity is included in the calculation of vascular 
resistance (30, 31) and autoregulation activity of the brain vessels 
(vasoconstriction and vasodilation) is accounted by increasing and 
decreasing of vessel’s diameter according to the measured values of 
MAP, pCO2 and pO2 (19, 24, 27).

The calculated CBF value was included in the statistical analyses 
as an independent parameter. In addition, the mean value of CBF for 
the group of infants without IVH was calculated for each WG. The 
obtained CBFmean value was used as a reference value of the optimal 
CBF at each WG and the CBF-CBFmean value was included as a further 
predictive variable in the statistical analyses.

2.3 Statistical methods

To build a risk score, multivariable stepwise logistic regression 
analysis was applied (1, 13). In our study, IVH diagnosis plays a role 
of response variable y, which has a binary type. The predictive 
variables (predictors) xj are medical characteristics, which have either 
continuous or binary type. The selection of potential variables for 
scoring system started with the analysis of parameters related to 
IVH. To detect IVH risk factors, a univariate analysis was performed 
using two-sided Wilcoxon’s rank-sum test for continuous and Fisher’s 
exact test for categorical parameters (32). A 5% significance level, 
which corresponds to p-value = 0.05, was taken as the threshold value 
for including each parameter as a candidate variable in the multivariate 
prediction model.

The parameters found to be associated with IVH were then ranked 
in respect to the response variable according to the p-values of 
chi-square test with null hypothesis that predictor and response 
variable are independent. The p-value <0.05 means that the predictor 
and response variable are significantly associated with each other. 
Predictors with larger values −log(p) were ranked higher and the 
value −log(0.05) = 3 was taken as the threshold for including them 
into the score model.

Incorporation of independent predictors into risk scores was 
performed using a generalized linear regression with logit link 
function as follows:
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In order to prevent overfitting, we  implemented stepwise 
predictors selection. We started with a single variable model (N = 1) 
using the highest ranked predictor and added lower ranking predictors 
after running the chi-squared test with the null hypothesis that 
deviance of old and new regression models are equal. A p-value <0.05 
rejects the null hypothesis and means that new predictor significantly 
improves the fitting model and should be included in the score. Only 
predictors with statistically significant coefficients bj were included in 
the model, and only models that were statistically significantly 
different from the constant model were used further for construction 
of risk scores.

The coefficients bj obtained by the linear regression analyses were 
then integrated in a risk score as follows:
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Here xj (t) is the value of the predictor j averaged over all 
measurements up to time t. For early IVH prediction, as long as the 
measured clinical parameters are not available, only the parameters of 
groups I–III were considered in the regression model. For the 
prediction of IVH on the second day, the clinical parameters were 
averaged over the first day of life (measurements of preterms with IVH 
on the first day are then excluded), and for the later prediction of IVH, 
parameters were averaged over all days before IVH.
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To evaluate the effectiveness of the risk scores constructed, the 
receiver operating characteristic (ROC) method for classification 
between the control and affected groups was applied (33, 34). For each 
patient from control and affected groups score value was calculated, 
then true positive rate (TPR) and false positive rate (FPR) (Table 1) 
were computed for different threshold values. The ROC curves were 
constructed by plotting TPR against FPR, and the area under the ROC 
curve (AUC) was estimated (35). The later provides a quantitative 
measure of predictive power of the score: perfect predictor has AUC = 1, 
which corresponds to TPR = 1 and FPR = 0, and predictor with 
AUC = 0.5 is equivalent to random choice. The threshold for optimal 
performance was chosen at the point on the ROC curve with the 
smallest distance to the upper left corner of the unit square (36) and 
used further for the normalization of the regression coefficient b0, so 
that the threshold for IVH risk was equal to 0 for all risk scores. The 
validation of the resulting IVH risk scores was performed by calculating 
the TPR and FPR using independent data from the validation cohort.

Statistical analyses was carried out using standard library of 
MATLAB2024a. Observations with missing values were not used in 
analyses, medical parameters that were measured less often than 
others were extended until the next regular measurement. For 
calculation of CBF, missing parameter values were replaced with the 
latest measured value.

3 Results

3.1 Identification of risk parameters of IVH

Basic clinical characteristics of the derivation and validation 
cohorts are presented in Table  2. Here, continuous variables are 
expressed as mean and standard deviation, while binary variables are 
presented as the number of cases and percentages.

To create a risk score, the data from the derivation cohort of 254 
patients (136 with and 118 without diagnosis of IVH) was used. 
During data collection, the affected and control groups were matched 
according to gestational age and birth weight. Thus, these parameters 
had statistically equal (p-value >0.05) mean values (Table  3) and, 
therefore, were not used in this study as predictor variables for 
risk assessment.

The statistical comparison of pregnancy pathologies, birth 
parameters and infant diagnoses in the affected and control groups of 
the derivation cohort is presented in Table  4. The table is sorted 
according to the p-value: the most significant parameters, i.e., those 
with the smallest p-value, are at the top. Seven parameters 
(EPH-gestosis/pre-eclampsia, PPROM, cardiopulmonary adaptation 
disorder, IUGR, IVF, RDS and FFTS) demonstrated inverse 
relationship with the development of IVH, i.e., the percentage of 
preterm infants with these diagnoses in the affected group was lower 
than in the control group. This can be explained by the effects of the 
medical treatment provided, which is out of scope of this study. 
Therefore, these parameters were not considered as predictor variables 
in the following risk assessment. Another seven parameters (sepsis, 
delivery mode, erythrocyte transfusion, chorioamnionitis, 
thrombocytopenia, NEC and multiple birth) had no significant 
association with IVH (i.e., p-value >0.5). Significant association with 
IVH (i.e., p-value <0.5) was revealed for the following 8 parameters: 
Apgar at 1 min, Apgar at 5 min, Apgar at 10 min, FIP/SIP, cholestasis, 
acidosis, male sex and pulmonary hemorrhage. The parameters found 
to be associated with IVH were further used as predictive variables in 
the logistic regression analyses.

3.2 Construction of IVH risk scores

We started the construction of risk scores with the ranking of the 
predictive variables (Figure 1), which were then included stepwise in 
the multivariable regression analyses according to their significance. 
For different clinical situations, several scores were designed (Table 5). 
The performance of the resulting scores was evaluated using the ROC 
analysis. We determined the optimal threshold from the ROC curve 
for patients with all grades of IVH and then calculated the TPR and 
FPR for patients with all (I–IV) and severe (III–IV) grades of IVH (the 
example of ROC curve with optimal threshold and corresponding 
scatter plot is shown in Figure 2).

For the initial prediction of IVH risk, we constructed the score S1 
based only on pregnancy pathologies, birth parameters and infant 
diagnoses, which are usually known before measured parameters are 
available (Figure 1 left). Although eight parameters were significantly 
associated with IVH, two of them, namely Apgar at 1 min and Apgar 
at 5 min, were absent in the score due to their high correlation with 
Apgar at 10 min (Pearson correlation 0.61 and 0.77, respectively). The 
score S1 demonstrated only moderate performance (AUC = 0.74) and 
included several statistically insignificant coefficients, suggesting that 
this group of medical parameters was insufficient for effective 
IVH prediction.

The improvement of IVH prediction can be achieved by including 
routinely measured parameters in the regression model. In the first 
day of life, the availability of measurements is usually limited. To 
determine risk scores for first and second days of life, we averaged 
routinely measured parameters over the first day (patients with IVH 
on the first day are excluded from consideration at this stage). Thus, 
only pH and leukocyte count demonstrated significant association 
with IVH (Figure 1 middle). Two other parameters, CBF-CBFmin and 
pCO2, were close to the limit of significance. It is important to note, 
that mathematically calculated parameter CBF-CBFmin had stronger 
association with IVH than each of the parameters used for its 
calculation (Figure  1 middle). The integration of the significant 

TABLE 1 Variables of ROC analyses.

Variable Definition

P The total number of patients with IVH

N The total number of patients without IVH

TP
True positive (the number of correctly detected patients with 

IVH)

TN
True negative (the number of correctly detected patients 

without IVH)

FP
False positive (the number of patients without IVH detected 

as with IVH)

FN
False negative (the number of patients with IVH detected as 

without IVH)

TPR = TP/P True positive rate

FPR = FP/N False positive rate
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measured parameters averaged over the first day of life (Figure  1 
middle) in the regression procedure resulted in the risk models with 
4 and 3 parameters (score S2 and S3 in Table 5), which both had only 
significant regression coefficients and much better performance in 
ROC analyses than S1 (Table 5).

To construct a risk score for prediction of IVH when the values of 
all measured parameters are already available, we averaged them for 
all days before IVH and added averaged values to the regression 
analysis according to their significance (Figure 1 right). In this case, 
the calculated CBF was ranked fourth among statistically significant 
parameters and had a stronger association with IVH than pCO2, pO2, 
and Ht, which are used for its calculation. Inclusion of the measured 
parameters averaged over all days before IVH improved the resulting 
risk scores (scores S4 and S5 in Table 5). Further improvement in risk 
score was achieved by adding the calculated CBF to the regression 
model (scores S6 and S7 in Table 5). The performance of the risk score 

S7 is illustrated on the Figure  2 (left: ROC curve with optimal 
threshold value; middle: scatter plot of score values of 
individual patient).

In order to demonstrate the advantage of including the calculated 
CBF in the risk model, we constructed a risk score without CBF but 
with all clinical parameters used in the mathematical model to 
calculate CBF. The performance of the resulting risk score 
(S = pH + Leukocytes + pO2 + pCO2 + MAD + Ht, not in Table 5) with 
AUC = 0.88 appeared to be worse than AUC = 0.94 of the risk score S7 
which includes CBF. This result indicates that the mathematical model 
for CBF calculation provides complementary information that 
improves the prediction of IVH risk.

3.3 Validation of the constructed IVH risk 
scores

Clinical characteristics of the validation cohort of 63 preterm 
infants are presented in Table 2. For each patient in the validation 
cohort, score values with coefficients presented in Table 5 were 
calculated (Figure 2 right) and used to determine FPR for control 
group and TPR for all and severe grades of IVH (Table 6). The best 
performance was achieved by the scores, which included routinely 
measured parameters and calculated CBF (scores S5, S6 and S7). 
For this scores, correct identification of patients with IVH (TPR) 

TABLE 2 Clinical characteristics of the study cohorts.

Clinical characteristic Derivation cohort
n  =  254 (100%)

Validation cohort
n  =  63 (100%)

Min Max Mean  ±  Stdev Min Max Mean  ±  Stdev

Gestational age [WG + days] 23 30 + 6 26.45 ± 2.11 23 + 1 30 + 6 26.39 ± 2.17

Birth weight [g] 335 1580 864.06 ± 279.1 490 1590 905.16 ± 279.65

Male sex 122 (48%) 39 (61.90%)

Multiple birth 95 (37.4%) 25 (39.68%)

Vaginal delivery 22 (8.66%) 7 (11.11%)

IVH 136 (53.54%) 37 (58.73%)

EPH-gestosis/pre-eclampsia 25 (9.84%) 2 (3.17%)

PPROM 73 (28.74%) 32 (50.79%)

Chorioamnionitis 117 (46.06%) 43 (68.25%)

IUGR 14 (5.51%) 0

IVF 32 (12.59%) 8 (12.69%)

FFTS 8 (3.15%) 1 (1.59%)

RDS 84 (33.07%) 14 (22.22%)

Sepsis 120 (47.24%) 20 (31.75%)

Pulmonary hemorrhage 21 (8.27%) 8 (12.69%)

Erythrocyte transfusion 164 (64.57%) 39 (61.90%)

Acidosis (metabolic and/or respiratory) 38 (14.96%) 10 (15.87%)

FIP/SIP 23 (9.06%) 3 (4.76%)

Thrombocytopenia 21 (8.27%) 4 (6.35%)

NEC 20 (7.87%) 10 (15.87%)

Cholestasis 12 (4.72%) 0

Cardiopulmonary adaptation disorder 19 (7.48%) 18 (28.57%)

TABLE 3 Comparison of gestational age and birth weight of affected and 
control groups.

Parameter With IVH
n  =  136

No IVH
n  =  118

p-value

Gestational age 26.25 ± 2.05 26.68 ± 2.17 0.12

Birth weight 875.66 ± 300.5 850.68 ± 252.81 0.70
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FIGURE 1

Ranking of the predictive variables according to their p-values of chi-square test: (left) medical parameters from Table 4 significantly associated with 
IVH; (middle) routinely measured parameters averaged over the first day of life; (right) routinely measured parameters averaged over all days before IVH 
in the affected groups and over 10  days of life in the control group. The red line corresponds to the significance threshold −log(p)  =  3, which 
corresponds to the p-value  =  0.05.

in the validation cohort remained at the same level as in the 
derivation cohort. False identification of healthy patients to be at 
risk of IVH (FPR) in validation cohort was higher than in the 
derivation cohort. However, increase of FPR was smaller for risk 
scores with fewer parameters, which were derived only from 
measured parameters (scores S5 and S7  in Table  6). The 
overestimation demonstrated by the scores with medical diagnoses 
can be explained by the fact that all medical diagnoses are in fact 
already characterized by the measured parameters. The moderate 
FPR value reflected the fact that the control group did not consist 
of absolute healthy individuals. All patients without IVH who had 
high score values (Figure  2 right), had also elevated CRP level 
(greater than 10 mg/L) indicating an inflammation. In this case, 
although they did not have IVH, they could not be regarded as 
healthy patients either.

4 Discussion

IVH is one of the most dangerous pathologies of preterm birth 
leading to serious lifelong disabilities. The origin and progression of 
IVH has a multifactorial background. The present study focused on 
statistical analysis of various medical factors associated with IVH 
which then were used for construction of a scoring system for 
prediction of IVH risk. Using a stepwise multivariable logistic 
regression analysis, several risk scores were constructed for different 
clinical situations. A particular novelty of the present research was the 
inclusion of mathematically calculated CBF as an independent 
predictor variable in the construction of IVH risk scores.

The IVH risk score based only on prenatal and birth parameters, 
Apgar values and medical diagnoses (S1) has demonstrated only 
moderate performance, indicating that they are insufficient for 
effective IVH prediction. A considerable improvement in the 
prediction of IVH was achieved by including the measured 
parameters into the logistic regression model. As a result, risk 

TABLE 4 Pregnancy pathologies, birth parameters and infant diagnoses 
in the derivation cohort.

Parameter With IVH
n  =  136 
(100%)

No IVH
n  =  118 
(100%)

p-
value

Apgar at 1 min 5.19 ± 2.25 6.21 ± 2.02 <0.001

Apgar at 5 min 6.80 ± 1.82 7.52 ± 1.41 <0.001

Apgar at 10 min 7.73 ± 1.37 8.37 ± 0.97 <0.001

FIP/SIP 20 (14.7%) 3 (2.54%) <0.001

Cholestasis 11 (8.09%) 1 (0.85%) 0.01

Acidosis 27 (19.85%) 11 (9.32%) 0.02

Sex (male) 74 (54.4%) 48 (40.68%) 0.03

Pulmonary hemorrhage 16 (11.76%) 5 (4.24%) 0.04

EPH-gestosis/pre-eclampsia 7 (5.18%) 18 (15.25%) 0.01

Sepsis 70 (51.47%) 50 (42.37%) 0.17

PPROM 34 (25.00%) 39 (33.05%) 0.17

Delivery mode (spontaneous 

birth)
15 (11.02%) 7 (5.93%) 0.18

Erythrocyte transfusion 93 (68.38%) 71 (60.17%) 0.19

Chorioamnionitis 67 (49.26%) 50 (42.37%) 0.31

Cardiopulmonary adaptation 

disorder
8 (5.88%) 11 (9.32%) 0.34

IUGR 6 (4.41%) 8 (6.78%) 0.43

IVF 15 (11.03%) 17 (14.41%) 0.45

Thrombocytopenia 13 (9.56%) 8 (6.78) 0.49

RDS 42 (30.88%) 42 (35.59%) 0.50

NEC 12 (8.82%) 8 (6.78%) 0.64

Multiple birth 52 (38.24%) 43 (36.44%) 0.79

FFTS 4 (2.94%) 4 (3.39) 1

Key information in the table is highlighted in bold.
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scores constructed using parameters averaged over the first day of 
life (S2 and S3) and over all days before IVH (S4–S7) demonstrated 
TPR = 0.9 for severe IVH both in the derivation and 
validation cohorts.

The best performance in the validation cohort with AUC = 0.85 
and TPR = 0.94 for severe IVH, AUC = 0.79 and TPR = 0.75 for all IVH 
grades, and FPR = 0.48 for cases without IVH was demonstrated by 
the risk score S7 which included CBF. The advantages of CBF as an 

TABLE 5 Performance of the constructed IVH risk scores on the derivation cohort.

Score
b0 … 6

p_value0 … 6

AUC TPR FPR

IVH grades IVH grades

I–IV III–IV I–IV III–IV

S1 = Apgar at 10 min + FIP/SIP + cholestasis + acidosis + male 

sex + pulmonary hemorrhage

b0 … 6 = [1.8967; −0.3255; 1.8685; 2.0971; 0.7245; 0.7077; 1.0828]

p-value0 … 6 = [0.0570; 0.0111; 0.0047; 0.0523; 0.0755; 0.0109; 0.0492]

0.74 0.78 0.55 0.64 0.17

S2 = Apgar at 10 min + pH + FIP/SIP + Leukocytes

b0 … 4 = [102.4143; −0.3403; −13.5181; 2.0952; −0.0993]

p-value0 … 4 = [<0.0001; 0.0360; <0.0001; 0.0234; <0.0001]

0.81 0.88 0.75 0.87 0.25

S3 = Apgar at 10 min + pH + Leukocytes

b0 … 3 = [101.9569; −0.3345; −13.4425; −0.0970]

p-value0 … 3 = [<0.0001; 0.0385; <0.0001; 0.0001]

0.79 0.86 0.78 0.90 0.29

S4 = MAP + pH + CRP + FIP/SIP + male sex + Leukocytes

b0 … 6 = [108.5723; −0.1105; 14.3532; 0.4666; 2.2413; 0.7966; −0.0704]

p-value0 … 6 = [0.0013; 0.0020; 0.0021; 0.0091; 0.0107; 0.0365; 0.0055]

0.84 0.94 0.77 0.91 0.19

S5 = MAP + pH + CRP + Leukocytes

b0 … 4 = [117.5718; −0.0969; −15.5920; 0.5566; −0.06549]

p-value0 … 4 = [0.0004; 0.0042; 0.0007; 0.0018; 0.0034]

0.82 0.93 0.72 0.88 0.21

S6 = MAP + pH + CRP + CBF + FIP/SIP + Leukocytes

b0 … 6 = [85.6357; −0.1753; −10.9974; 0.4205; 0.1264; 2.0791; −0.0677]

p-value0 … 6 = [0.0172; 0.0004; 0.0270; 0.0346; 0.0161; 0.0195; 0.0042]

0.85 0.94 0.79 0.91 0.23

S7 = MAP + pH + CRP + CBF + Leukocytes

b0 … 5 = [85.9253; −0.1780; −11.0513; 0.4525; 0.1268; −0.0581]

p-value0 … 5 = [0.0152; 0.0003, 0.0243; 0.0225; 0.0150; 0.0070]

0.84 0.94 0.77 0.91 0.22

FIGURE 2

Performance of the IVH risk score S7 (see Tables 5, 6): ROC curve (left) and scatter plot (middle) for the derivation cohort; scatter plot for the validation 
cohort (right).
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independent predictive variable were confirmed by several statistical 
methods. Thus, the calculated CBF was ranked fourth among 
statistically significant parameters and had a stronger association with 
IVH than pCO2, pO2 and Ht, which were used for its calculation. 
Furthermore, the superiority of the risk score with CBF as an 
independent parameter was also demonstrated by comparison with a 
risk score constructed without CBF but taking into account all clinical 
parameters used in the mathematical model to calculate CBF. The 
better performance of risk assessment using CBF was evidenced by a 
higher AUC value compared with the AUC for risk assessment 
without CBF (0.94 vs. 0.86), which proves that the mathematical 
model for calculating CBF provides additional information that 
improves IVH risk prediction.

The moderate FPR value reflects the fact that the control group 
did not consist of completely healthy patients. For example, all 
patients without IVH but with high scores had elevated CRP levels 
indicating inflammation. Thus, constructed risk scores may reveal 
additional morbidity risks for the preterm infant. Since the main 
purpose of the constructed scores is to identify patients at risk, the 
obtained FPR values are acceptable for this situation. The absence of 
medical diagnoses in the best score can be explained by the argument 
that all medical diagnoses are in fact characterized by the 
measured parameters.

The focus of the present work was on the role of routinely 
measured clinical parameters and calculated CBF in the development 
of a risk scores for IVH prediction. The importance of measured 
parameters in the early detection of IVH risk in low birth weight 
newborns (<1,500 g) was also demonstrated in Huvanandana et al. (16) 
by scoring models derived using time series analyses of blood pressure 
and respiratory data. In our study, the developed IVH risk scales 
demonstrated in both the derivation and validation cohorts the high 
performance, which is comparable to data published in the literature. 
In Chien et al. (12), the standard SNAP II mortality risk score (9) 
combined with GA and Apgar at 5 min demonstrated an AUC = 0.8 for 
IVH prediction in a cohort of 4,226 infants with GA < 32 weeks. 
Heuchan et  al. (37) developed a novel prognostic model for IVH 
prediction based on five predictive variables (GA, antenatal 
corticosteroids, transfer after birth, Apgar at 1 min < 4, male gender) 
that demonstrated AUC = 0.76 for severe IVH and AUC = 0.67 for any 
grade of IVH on a cohort of 5,712 infants with gestation of 
24–30 weeks. In Vogtmann et al. (1), in cohort of 1,782 neonates with 
GA < 32 completed weeks of gestation or BW < 1,500 g, severe IVH 

could be predicted with an accuracy of 87.7% on the basis of five 
variables (GA, pathological Doppler result, Apgar at 1 min < 6, 
perinatal infection, and delivery mode). A scoring system including 
only three factors (low GA, low Apgar at 5 min, and presence of 
bleeding diathesis within the 7 days of life) developed by Coskun et al. 
(14) could predicted IVH in preterm infants with GA between 24 and 
34 weeks with AUC = 0.85 for a derivation cohort with 144 preterm 
infants and AUC = 0.81 for a validation cohort with 89 preterm infants.

In the present study, several risk scores based on routinely 
measured parameters and calculated CBF were developed. They have 
demonstrated better performance compared to risk models based only 
on once-measured parameters (like Apgar) and medical diagnoses. In 
addition, the developed IVH risk scores provide dynamic information 
about the patient’s condition, which can vary from hour to hour. This 
indicates the need for further investigation of possible prognostic 
variables among clinical parameters. Also, medical treatment may 
be considered in the further development of the risk models.

At present, many researchers are investigating neonatal cerebral 
hemodynamics using modern techniques such as transcranial 
Doppler (TCD) ultrasound and NIRS monitoring to predict 
periventricular-intraventricular hemorrhage in preterm infants (38, 
39). Although a strong association between IVH and low superior 
vena cava flow (SVCF) and high Anterior cerebral artery resistive 
index (ACA-RI) has been revealed (38) the absolute values of global 
CBF cannot be  recalculated from measurements because it is 
difficult to determine the diameter of intracranial vessels (38, 40). In 
this case, the mathematical calculation of CBF provides an 
opportunity to obtain additional information that may improve the 
prediction of IVH in preterm infants. The developed mathematical 
model for CBF calculation was previously validated against NIRS, 
Doppler and Xenon-133 clearance measurements and demonstrated 
good agreement with published experimental results (19). 
Furthermore, the current study showed that the inclusion of 
calculated CBF in IVH risk models resulted in improved 
performance of prognostic scores. Therefore, in the future, when 
CBF measurement becomes a routine procedure in neonatal 
healthcare, the developed risk scores can be  used with the 
measured data.

Nowadays, numerous data and parameters are collected and 
centrally managed on admission to the NICU. This already allows for 
automated computerized data analysis (41). Existing health 
monitoring methods can be further advanced with new strategies, 
such as the mathematical model for calculating CBF and the IVH 
risk scores presented in this paper. The good performance of the 
developed scores allows their use in clinical practice as a 
complementary tool to other clinical scores and measurement 
methods to identify preterm infants at high risk of severe IVH, 
which may lead to a more effective therapeutic approach for 
these children.

Data availability statement

The data analyzed in this study is subject to the following licenses/
restrictions: raw data supporting the conclusions of this manuscript 
will be made available to any qualified researcher upon request to the 
corresponding author. Requests to access these datasets should 
be directed to renee.lampe@tum.de.

TABLE 6 Performance of the constructed IVH risk scores on the 
validation cohort.

Score AUC TPR FPR

IVH grades IVH grades

I–IV III–IV I–IV III–IV

S1 0.64 0.69 0.51 0.61 0.42

S2 0.57 0.67 0.77 0.86 0.72

S3 0.58 0.67 0.80 0.86 0.64

S4 0.79 0.85 0.72 0.88 0.64

S5 0.79 0.85 0.72 0.94 0.48

S6 0.79 0.85 0.75 0.88 0.52

S7 0.79 0.85 0.75 0.94 0.48

Key information in the table is highlighted in bold.
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Introduction: Gyrification is the intricate process through which the mammalian
cerebral cortex develops its characteristic pattern of sulci and gyri. Monitoring
gyrification provides valuable insights into brain development and identifies
potential abnormalities at an early stage. This study analyzes the cortical
structure in neurotypical and pathological (spina bifida) fetuses using various
shape descriptors to shed light on the gyrification process during pregnancy.
Methods: We compare morphometric properties encoded by commonly used
scalar point-wise curvature-based signatures—such as mean curvature (H),
Gaussian curvature (K), shape index (SI), and curvedness (C)—with
multidimensional point-wise shape signatures, including spectral geometry
processing methods like the Heat Kernel Signature (HKS) and Wave Kernel
Signature (WKS), as well as the Signature of Histograms of Orientations
(SHOT), which combines histogram and signature techniques. These latter
signatures originate from computer graphics techniques and are rarely applied
in the medical field. We propose a novel technique to derive a global
descriptor from a given point-wise signature, obtaining GHKS, GWKS, and
GSHOT. The extracted signatures are then evaluated using Support Vector
Regression (SVR)-based algorithms to predict fetal gestational age (GA).
Results: GSHOT better encodes the GA to other global multidimensional point-
wise shape signatures (GHKS, GWKS) and commonly used scalar point-wise
curvature-based signatures (C, H, K, SI, FI), achieving a prediction R2 of 0.89
and a mean absolute error of 6 days in neurotypical fetuses, and a R2 of 0.64
and a mean absolute error of 10 days in pathological fetuses.
Conclusion: GSHOT provides researchers with an advanced tool to capture
more nuanced aspects of fetal brain development and, specifically, of the
gyrification process.

KEYWORDS

fetal brain, gestational age prediction, shape descriptors, cortical surface, MRI
Abbreviations

MRI, magnetic resonance imaging; GA, gestational age; HKS, Heat Kernel Signature; WKS, Wave Kernel
Signature; SHOT, Signature of Histograms of OrienTations; H, mean curvature; K, Gaussian curvature;
SI, shape index; FI, folding index; C, curvedness; SVR, Support Vector Regression; T2w, T2-weighted;
PCA, Principal Component Analysis.
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1 Introduction

Magnetic resonance imaging (MRI) has become a pivotal tool

for the study of brain morphology and understanding structural

alterations associated with various pathological conditions.

Various geometric quantities can be exploited to summarize the

morphometric information, providing valuable insights into

population-based studies, contributing to our understanding of

brain-related disorders, and paving the way for more

personalized approaches to diagnosis and treatment. Advanced

shape analysis techniques allow us to explore new dimensions of

brain morphology beyond traditional measures (e.g., brain

volumes and surface areas). Some of these techniques utilize

spectral (1) and local extrinsic geometric (2) properties to gain

deeper insights into brain shape characteristics. Spectral shape

analysis techniques involve analyzing the shape of an object

based on its spectral properties, and this is typically

accomplished by encoding the shape through a differential

operator and computing its eigendecomposition. On the other

hand, local geometric properties focus on analyzing the shape at

a more localized and detailed level, typically involving specific

quantities such as curvature, surface normals, or deformations at

specific points or regions of the shape. In this fashion, shapes

can be compared by measuring similarities between these

features. Thus, the efficacy of shape descriptors can be assessed

in terms of discriminativeness and robustness against shape

variations due to noise or deformations (3).

In this work, we analyze the fetal brain cortical structure using

different shape descriptors to enhance our comprehension of the

fetal brain gyrification process, i.e., the formation of gyri and

sulci. The gyrification process plays a crucial role in brain

development, contributing significantly to overall growth,

organization, and functionality. Just like fetal ultrasound provides

an estimate of gestational age (GA) by measuring basic

morphometric features (such as skull size or femur length), tools

linking brain morphological MR images to the central nervous

system development can be a valuable resource for monitoring

pregnancy and detecting fetal diseases in their initial stages.

Here, we estimate the fetus GA in weeks, comparing the cortical

structure morphometric properties encoded with the commonly

used scalar point-wise curvature-based descriptors to those

derived via multidimensional point-wise shape signatures which

are widely used in computer graphics analysis. We examine

several scalar point-wise signatures based on curvature: mean

curvature (H), which measures extrinsic curvature or folding;

Gaussian curvature (K), which measures intrinsic curvature or

distortion; shape index (SI) and folding index (FI), indicators of

shape and folding patterns (4). Moreover, we consider the

curvedness (C), a signature incorporating information from both

H and K, a valuable measure of the gyrification process (5, 6).

On the other hand, we examine three different multidimensional

point-wise shape signatures that are rarely applied in the medical

field: the Heat Kernel Signature [HKS, (7)], the Wave Kernel

Signature [WKS, (8)], and the Signature of Histograms of

OrienTations [SHOT, (2)]. HKS is derived from the heat

equation, a partial differential equation that describes the heat
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diffusion across the surface over time. Similarly, WKS is derived

from the solution of another partial differential equation, the

wave equation, which describes the evolution of waves across the

surface over time. SHOT is computed by dividing the

neighborhood around each point into multiple cells and

calculating histograms of relative orientations of the normals in

each cell. These histograms are then concatenated to obtain the

final signature, which results in a compact representation of the

local geometric properties of the shape. In the last years, several

studies have been proposed to analyze fetal brain gyrification by

extracting cortical surface morphometric properties. In this

context, scalar point-wise curvature-based measures are the gold

standard for assessment of neurodevelopment (5, 6, 9–14). Other

novel techniques based on sulcal pattern analysis can be

employed to observe geometric and topological patterning of

early sulcal folds, including 3D positions, sulcal basin surface

area, and depth (4, 15–17).

Furthermore, we define a novel procedure to extract a global

encoding framework from these multidimensional point-wise

shape signatures, leading to their global version. We namely refer

to the global descriptors produced through our pipeline as

Global plus the name of the input pointwise descriptor we use,

Global Heat Kernel Signature (GHKS), Global Wave Kernel

Signature (GWKS), and Global Signature of Histograms of

OrienTations (GSHOT). The global descriptor has several

excellent advantages such as it allows for shape comparisons

using minimal shape preprocessing, it is robust to noise since it

implicitly employs surface smoothing by neglecting higher

frequencies of the shape, and finally, it encodes isometric

invariance properties of the shape, which are crucial to deal with

shape deformations.

We tested our descriptors in the context of the fetal brain

gyrification process. A linear Support Vector Regression (SVR)-

based approach (18) was employed to predict the fetus GA from

the cortical structure morphometric properties encoded by

descriptors. Experiments on a public dataset of 80 fetuses (n = 31

neurotypical and n = 49 pathological (19), and two public atlases

of 18 and 16 fetuses (20, 21) showed promising prediction results

in distinguishing the fetal brain gyrification process.
2 Methods

The proposed approach comprises five main steps: data

gathering, cortical structure reconstruction, computation of shape

descriptors, and GA prediction.
2.1 Data

We included data from different sources in this study. In

particular, we used two publicly available fetal brain atlases

(20, 21) and one publicly available fetal brain dataset (19). For

each source, we used all the provided data without assessing the

quality of the fetal brain high-resolution reconstruction and

tissue segmentation. A brain atlas is a digital representation of
frontiersin.org

https://doi.org/10.3389/fped.2024.1471080
https://www.frontiersin.org/journals/pediatrics
https://www.frontiersin.org/


TABLE 1 Summary of the publicly available fetal brain MRI atlases and dataset used in our study.

Data MRI contrast Tissue
labels

GA range Cohort Public link

CRL atlas T2w 124 21–38 weeks 18 http://crl.med.harvard.edu/research/fetal_brain_atlas

dHCP fetal atlas T2w 19 21–36 weeks 16 https://gin.g-node.org/kcl_cdb/fetal_brain_mri_atlas

FeTA dataset T2w 7 20–35 weeks 80 (31 neurotypical 49 pathological) https://www.synapse.org/#!Synapse:syn25649159/wiki/
610007
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the human brain population, which highlights common structural

features and provides a reference point for researchers and

clinicians to compare and analyze specific brain regions. On the

other hand, a brain dataset refers to a collection of brain images

of real fetuses, thus characterized by unique variations.

The fetal brain atlas introduced by Gholipour et al. (20)

(hereafter, “CRL atlas”) is defined at the GA range of 21–38

weeks. It consists of an age-specific T2-weighted (T2w) template

and label images of 124 brain tissues, including gray matter

(GM) and white matter (WM). The fetal brain atlas introduced

by Uus et al. (21) (hereafter, “dHCP fetal atlas”) is defined at

21–36 weeks. It includes age-specific T2w templates and 19 brain

tissue labels, separate for each hemisphere.

On the other hand, the fetal brain dataset introduced initially

by Payette et al. (22) and later updated (19) (hereafter, “FeTA

dataset”) consists of MRI-reconstructed images of 80 fetuses (n =

49 pathological and n = 31 neurotypical) defined in the GA range

of 20–35 weeks. Each subject was released with a T2w template

brain reconstruction (reconstructed with either NiftyMIC1,

MIALSRTK2, or Simple IRTK3) with the corresponding seven

brain tissue label images. Pathological subjects included fetuses

with spina bifida either before or after fetal spinal lesion repair

surgery, as these were the only publicly available pathological

datasets (23). A summary of the available cohort of fetuses is

reported in Table 1.
2.2 Cortical structure reconstruction

Our study focused on the cortical structure of the fetal brain,

which is defined as the external layer of the parenchymal tissue

and will become the cortical GM in the mature brain (Figure 1).

During embryonic development, the brain is surrounded by a

thin layer (darker than other tissues in the T2w images) called

the cortical plate (CP). In the beginning, the CP is a flat and

smoothed structure; as the brain grows and enlarges, it thickens

and differentiates into different cortical layers. Visually, this

results in folds, or gyri, and grooves, or sulci, that give the brain

its characteristic wrinkled appearance. By the end of fetal
1https://github.com/gift-surg/NiftyMIC
2https://github.com/Medical-Image-Analysis-Laboratory/

mialsuperresolutiontoolkit
3https://gitlab.com/mariadeprez/irtk-simple
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development, the differentiated CP becomes the outermost layer

of the brain, known as the cortical GM.

The CP folding process can be monitored using its boundary

surfaces, i.e., the external and internal surfaces. The external

surface separates the parenchyma from the cerebrospinal fluid.

On the other hand, the inner surface divides the CP and the

WM structure. We decided to focus on the inner cortical surface

since the interface between WM and cortex is more stable and

less prone to segmentation errors due to partial volume effects

than the cortex-cerebrospinal fluid interface (15).

For each data set, we generated the inner cortical volume by

merging the already validated tissue segmentation labels, which

encompass the WM to the inner structures of the brain. Although

the different datasets were generated using different segmentation

protocols (19–21), they all include the inner cortical surface as

boundary between structures, enabling consistent identification in

each dataset used. Consequently, the volume obtained for each fetus

was binarized and underwent manual refinement to remove any

erroneous segmented components (i.e., voxel connected to the main

WM mask by a single vertex). Subsequently, we extracted

(MATLAB isosurface function) a triangular mesh representing the

boundary of the binary image, i.e., the inner surface of the CP.

Furthermore, we employed Freesurfer (surfer.nmr.mgh.harvard.edu)

to geometrically smooth the resulting mesh, removing noise and

minor geometric alterations. Figure 2 shows an example of the fetal

brain’s inner cortical surfaces across different gestational weeks.
2.3 Shape descriptors

To capture the most informative intrinsic geometric properties

of the inner cortical surface shape, we computed both scalar point-

wise curvature-based signatures (C, H, K, SI, FI) and

multidimensional point-wise shape signatures (HKS,

WKS, SHOT).

Scalar point-wise curvature-based signatures are computed for

each vertex of the surface mesh using the FreeSurfer function

mris_curvature_stats (10). Subsequently, we derived a global

description of the derived signature by computing the frequency

over a 100 bins discretization (MATLAB histcounts function),

and we normalized the derived distribution for the number of

associated vertices, which is an intrinsic characteristic of each

fetus (24).

Multidimensional point-wise shape signatures are computed

accordingly. In detail, the HKS and WKS descriptors are

implemented with an in-house MATLAB code. Here, we used k
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FIGURE 1

Examples of brain images and corresponding cortical plate segmentations in various atlases (20, 21) and datasets (19) for a 28-week gestational age
fetus. Structural anatomical (grayscale) and cortical plate segmentation (blue) overlaid. From left to right, the fetal brains are displayed in three different
orientations - sagittal, coronal, and axial.
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= 100 eigenvalues and scaled the temporal domain logarithmically

in n = 10 time values, as suggested by Sun et al. (7). On the other

hand, the SHOT descriptor is implemented in Pyshot, a Python

library publicly available on GitHub (https://github.com/

uhlmanngroup/pyshot). As for the point-wise curvature-based

signatures, we derived a global description from HKS, WKS, and

SHOT features, computing their distribution on a 100 bins

discretization, and we normalized the derived distribution for the

number of associated vertices. Finally, we concatenated the

obtained distributions for each time point to derive its global

signature similar to what was proposed in (3). A schematic

example of the proposed global HKS is presented in Figure 3.

This schema is adopted for each multidimensional signature

investigated to obtain its global version.

To aid in the data visualization of the signatures extracted by

each descriptor, we performed a Principal Component Analysis

(PCA). We derived a 2D scatter plot representing each

descriptor’s first and second principal components. These
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components contain the most relevant variations shown in the

dataset, proving its capability to encode the changes in shape.
2.4 Gestational age prediction

We implemented a ML experiment to investigate whether and

which derived signatures include the information associated with

CP development, and if they can be used to predict a subject’s GA.

We used a SVR algorithm to predict the GA in weeks for each

image sample from the features extracted with the shape descriptor

from the inner cortical surface mesh. SVR is one of the most

powerful supervised machine learning approaches used for

regression tasks (25), which aims to find a hyperplane

maximizing the margin while minimizing errors in a high-

dimensional feature space. It is an extension of the support

vector machine classification algorithm but it predicts continuous

output values instead of class labels. In the present study, only
frontiersin.org
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FIGURE 2

Inner cortical surface of the fetal brain from 28 to 38 gestational weeks. The surfaces depicted in the figure are generated from the previously quoted
Gholipour et al. (20) atlas.

FIGURE 3

An example of a global descriptor construction for the HKS signature (GHKS). (a) Each point of the inner cortical shape of the brain is colored
according to the heat kernel (HK) value at time ti. (b) These values are then gathered into histograms for each scale ti. (c) The histograms are
concatenated, leading to the global signature. The brain’s surfaces shown in the figure are generated from a 33-week fetus of the previously
quoted Gholipour et al. (20) atlas.
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linear kernels were employed since nonlinear methods may require

sample sizes that are too large to generalize well (26). Furthermore,

we decided to use the z-score method to normalize the data,

estimating the mean and the standard deviation on the training

set and applying them to normalize the test set. We trained each

SVR model on the signatures extracted from the atlases (20, 21)
Frontiers in Pediatrics 0579
and tested it on the signatures extracted from the FeTA

dataset (19). We evaluated the goodness-of-fit of the SVR models

by measuring the mean absolute error (MAE), the root mean

square error (RMSE), which is more sensitive to outliers than

MAE, and the coefficient of determination (R2), which denotes

the amount of variation in potential new observations. The
frontiersin.org
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concordance between predicted and true GA was determined

using Lin’s concordance correlation coefficient, with strength

of agreement assessed by McBride’s criteria as follows: poor,

<0.90; moderate, 0.90–0.95; substantial, 0.95–0.99; almost

perfect >0.99 (27, 28).
3 Results

The proposed GA prediction method was employed for the

characterization of the fetal brain gyrification process occuring

during pregnancy. A dataset of 114 images (n = 31 neurotypical

and n = 49 pathological from public dataset, and n = 34

neurotypical from online available atlases) has been evaluated.

After the surface construction, the scalar point-wise curvature-

based signatures (C, H, K, SI, FI) and the global multidimensional

point-wise shape signatures (GHKS, GWKS, and GSHOT) were

computed and normalized by the z-score technique. The GA

prediction procedure is employed as described in Section 2.4.

Notably, each linear-based kernel SVR algorithm was trained on

the shape signatures extracted from the inner cortical surface of

fetuses included in atlases (20, 21) and tested on the fetuses

included in the public dataset (19), differentiating between

neurotypical and pathological fetuses. Table 2 shows the

performance of the individual SVR models in predicting GA for

neurotypical fetuses. GSHOT outperforms other shape descriptors,

both the scalar point-wise curvature-based signatures and the

global multidimensional point-wise shape signatures, achieving a

prediction R2 of 0.89 and a corresponding MAE of 6.3 days. FI is

the best scalar point-wise curvature-based descriptor, achieving

prediction performance comparable to GSHOT. Notably, it

achieved a prediction R2 of 0.75 and a MAE of 9.9 days.

According to Lin’s concordance correlation coefficient, the
TABLE 2 Gestational age prediction in neurotypical fetuses, expressed in we

Performance metric [weeks] Scalar point-wise cur
signature

C H K
RMSE 2.81 4.81 4.11

MAE 2.40 4.32 3.52

R2 0.36 −0.86 −0.36

The goodness-of-fit of the individual linear-SVR models is evaluated by measuring the mean abs

(R2). The scalar point-wise curvature-based signatures (C, H, K, SI, FI) and the global multidim

The best-performing metrics are shown in bold.

TABLE 3 Gestational age prediction in pathological (spina bifida) fetuses, exp

Performance metric [weeks] Scalar point-wise cur
signature

C H K
RMSE 2.96 8.50 6.25

MAE 2.62 8.10 5.75

R2 0.10 −6.46 −3.03

The goodness-of-fit of the individual linear-SVR models is evaluated by measuring the mean abs

(R2). The scalar point-wise curvature-based signatures (C, H, K, SI, FI) and the global multidim

The best-performing metrics are shown in bold.

Frontiers in Pediatrics 0680
GSHOT model demonstrated substantial agreement between

descriptor-based GA predictions and GA ground truths (ρc = 0.95,

95% CI = 0.89–0.97), whereas the FI model showed poor

agreement (ρc = 0.84, 95% CI = 0.72–0.91).

Table 3 shows the GA prediction performance of the

considered individual SVR models tested on the pathological

subset of the FeTA dataset. The results highlight a larger

prediction error compared to the neurotypical subset of the

FeTA dataset. Similarly, GSHOT outperforms other descriptors,

achieving a prediction R2 of 0.64 and a corresponding MAE of

10.1 days. However, the agreement between predictions and

ground truths for this model was poor based on Lin’s

concordance correlation coefficient (ρc = 0.80, 95%CI = 0.70–0.87).

In Figure 4, the GA prediction obtained with the best global

multidimensional point-wise shape signature (GSHOT) and with

the best scalar point-wise curvature-based signature (FI) is

visualized in the true vs. predicted response plot (top row), and

the prediction model is evaluated using the residual plot (bottom

row). All the GSHOT points are close to the diagonal line,

suggesting an excellent estimation of the SVR model. Moreover,

the points of FI are more dispersed than those of GSHOT. Finally,

the residuals obtained in the GA prediction from the pathological

population are much larger than those obtained from the

neurotypical population. An exhaustive visualization of the results

obtained from each descriptor is reported in the Supplementary

Figures S1, S2, which shows larger prediction errors and a similar

trend for both neurotypical and pathological populations.

PCA analysis shows that shape descriptors codify the largest

part of the relevant information about the inner surface of the

CP in the first few components. Among all the shape descriptors,

GSHOT and FI provide the best performances. Their combined

first two components explain 98.8% of the variability in the

FeTA neurotypical fetuses and more than 95% in the FeTA
eks.

vature-based
s

Global multidimensional point-
wise shape signatures

SI FI GHKS GWKS GSHOT
3.87 1.76 2.04 2.36 1.18

3.53 1.41 1.63 1.65 0.91

−0.20 0.75 0.67 0.55 0.89

olute error (MAE), the root mean square error (RMSE), and the coefficient of determination

ensional point-wise shape signatures (GHKS, GWKS, GSHOT) are compared.

ressed in weeks.

vature-based
s

Global multidimensional point-
wise shape signatures

SI FI GHKS GWKS GSHOT
6.04 3.27 3.31 3.53 1.87

5.55 2.47 2.84 2.71 1.44

−2.77 −0.10 −0.13 −0.28 0.64

olute error (MAE), the root mean square error (RMSE), and the coefficient of determination

ensional point-wise shape signatures (GHKS, GWKS, GSHOT) are compared.
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FIGURE 4

A visualization of the results in GA prediction using GSHOT and FI. The figure displays the true vs. predicted response plots at the top and the residual
plots at the bottom. Black points represent neurotypical fetuses, while pathological (spina bifida) fetuses are described by blue stars. The FeTA dataset
was used for GA prediction (19).
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pathological fetuses (Supplementary Table S1). Figure 5 shows that

GSHOT provides a clear graphical representation of the fetal

evolution. The different GA samples are distributed in a distinct

“U” shape, with an increase from right to left on the first

component (x-axis). The GA ranges behave symmetrically on the

second component (y-axis), growing downwards on the negative

axis values and upwards on the positive axis values. This

geometric behavior interpretation cannot be inferred from FI

results as it revealed lower discretization ability.

The other descriptors have a graphical representation worse

than FI (see Supplementary Figure S3).
4 Discussion

Gyrification in the human fetus occurs from the 10th gestational

week and continues hierarchically almost up until the last weeks of

pregnancy (29). During gyrification, the smooth surface of the

fetal brain develops folds and wrinkles, increasing the surface area

of the cerebral cortex. This folding is essential for accommodating

the large number of cortical neurons and connections within the

limited space of the skull. However, disruptions or abnormalities
Frontiers in Pediatrics 0781
during this process can lead to cortical malformations such as

lissencephaly [smooth brain, (30)], or polymicrogyria [excessive

folding, (31)]. These malformations are associated with various

neurological disorders and cognitive impairments. Therefore,

understanding its construction mechanism is crucial for studying

brain development, function, and disorders (32).

Here, we introduced novel multidimensional point-wise shape

signatures (HKS, WKS, SHOT) to analyze the inner cortical surface

development in the fetal brain by an innovative procedure. These

signatures are a well-established method in computer graphics to

analyze the geometry of an object based on its spectral

properties. However, they have rarely been applied in the medical

field due to the intricate nature of medical data, the heavy

workload and professional expertise required, and the need for

thorough validation and approval processes to comply with

regulatory standards (3, 33). We compared the shape properties

of the brain’s cortical structure extracted from multidimensional

point-wise shape signatures with those obtained from scalar

point-wise curvature-based signatures (C, H, K, SI, FI). The

results obtained from the GA prediction through shape

properties indicate that GSHOT is the most reliable shape

descriptor. GSHOT accurately captures the morphological
frontiersin.org
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FIGURE 5

GSHOT and FI first and second principal components. Neurotypical fetuses are represented by points, while pathological (spina bifida) fetuses are
represented by stars. The colorbar displays the color code used for the fetus GA ranges. These results are derived from Payette et al. (19) dataset.
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changes during fetal neurodevelopment, with an estimated error of

less than a week, outperforming all other descriptors investigated.

Figure 4 shows that this error remains consistent during

gestation. Furthermore, Figure 5 highlights that the first principal

component explains a large portion (93.2%) of all variability,

proving its capability to encode changes in morphological shape.

Consequently, this principal component alone can be considered

the best representative summary of the fetal gyrification process.

The GA prediction in pathological subjects (i.e., fetuses with

spina bifida) tends to be overestimated, particularly in the earlier

gestational weeks where the fetuses have not yet undergone

spinal lesion repair surgery. Therefore, the lack of cerebrospinal

fluid circulation can lead to abnormal pressure dynamics in the

brain. This, in turn, may result in more pronounced or abnormal

cortical folding. The difference between the predicted GA and

the actual GA can serve as an indicator of pathology, making it

easier to understand compared to the output of geometric

analysis. This approach is similar to clinical practices in

ultrasound, where each biometric measurement of the fetal brain

is compared to the physiological range associated with the

specified GA to identify any discrepancies. We can state that the

implemented linear-SVR method is reliable, independently of

fetal brain reconstruction method used (NiftyMIC, MIALSRTK,

or Simple IRTK) thanks to the inclusion of all reconstruction

typologies in the dataset used for training.

This study presents some limitations. First, other measures

related to cortical folding, such as the gyrification index (34) and

sulcal depth, can be studied. Furthermore, given cortical folding

alterations associated with several pathologies (e.g.,

ventriculomegaly), cortical thickness is another measure worth

investigating, considering partial volume effects. Second, other

regression models (e.g., relevance vector regression RVR and

Gaussian process regression GPR) can be tested by applying

different kernel functions (e.g., polynomial, radial basis) to

achieve the highest prediction performances. Third, we identified

a larger prediction error in the pathological subset of the FeTA

dataset used as test set. Unfortunately, we were not able to
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establish if this was caused by the clinical condition or by a

model error. On the other hand, spina bifida is characterized by

several malformative aspects both in the neonatal and in fetal

central nervous system, encompassing not only altered

gyrifications, but also altered brain and infratentorial structures

size, and corpus callosum hypoplasia or partial dysgenesis

(35–37). It is therefore reasonable to assume that the

implemented shape descriptors highlighted a different

developmental pattern in the gyrification process, leading to an

error in the estimated GA that can be used as an indicator of

pathology. Future works will investigate the brain’s structure

surface development across its different regions by using GSHOT

to uncover new insight into the neurodevelopment process.

Moreover, the quality of the T2w brain reconstructions and

relative tissue label maps were not investigated as it is out of the

scope of this study and has been previously addressed (19–21).
5 Conclusion

In this work, global multidimensional point-wise shape

signatures (GHKS, GWKS, and GSHOT) are exploited to improve

the prediction of GA in neurotypical and pathological fetuses.

GSHOT outperforms other global multidimensional point-wise

signatures and scalar point-wise curvature-based signatures (C, H,

K, SI, FI), providing researchers with a more sophisticated tool to

capture more nuanced aspects of shapes. This approach enhances

the accuracy and effectiveness of shape analysis tasks such as

classification, segmentation, or matching, potentially leading to

new methods for early detection of fetal diseases. In addition, a

novel exploration of the fetal brain based on this approach can

potentially uncover new insight into the structures development

of the brain.

Finally, this innovative procedure for extracting

multidimensional global descriptors from a given point-wise

signature can also be applied in different scenarios of shape

analysis within computer graphics.
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Introduction: Congenital hydrocephalus is an increasing condition both in high
as in low and middle income countries. Main causes include aqueductal stenosis,
neonatal central nervous system infections, intracranial hemorrhage,
malformations and tumors. Investigation of its etiology should include
magnetic resonance imaging (MRI) to detect especially pathologies of the
fossa cranii posterior. However, MRI is not available to every infant presenting
with congenital hydrocephalus especially in those countries with the highest
prevalence. New portable ultralow-field MRI (ULF) allows low resource and
bedside imaging and thus widens the access to MRI for those infants. This
study presents two cases of newborns with congenital hydrocephalus who
underwent ULF scanning revealing a tumor of the fossa cranii posterior as
cause of hydrocephalus. This study shows that ULF scanning allows to detect
and characterize brain tumors as well as metastases.
Setting and patients: In this case report, we present two cases of newborns
antenatally diagnosed with hydrocephalus with no further pathology detected
in repeated cranial ultrasound and, in one case, fetal MRI. We performed ULF
imaging using a portable 0.064T MRI during natural sleep and high-field 3T
MRI to investigate the etiology of congenital hydrocephalus in these infants.
Main results: ULF imaging revealed a tumor of the fossa cranii posterior in
both cases. MRI signalling detected in ULF imaging was specific for each
tumor (ATRT, low grade glioma). In one case, ULF imaging also detected
intracerebral metastasis.
Conclusions: We demonstrated that ULF imaging is able to detect tumors of the
fossa cranii posterior that are not detected on ultrasound and shows their
specific MR-signalling as well as detect metastasis. Additionally, compared to
3T MRI, ULF MRI was able to reveal significant findings while requiring fewer
resources and being easier to perform. Therefore, we propose that children
with congenital hydrocephalus not showing any abnormalities on cranial
ultrasound should undergo ULF MRI. This imaging modality holds potential for
monitoring neonatal tumors and detecting metastasis.

KEYWORDS

newborn, low-field portable MRI, tumor, hydrocephalus, aqueductal stenosis,
metastasis, point-of-care
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1 Introduction

Congenital hydrocephalus is the most common indication

for neurosurgical interventions in neonates. Its incidence has

significantly increased in low- and middle-income countries

(LMIC), with an incidence of 123/100.000 live births (1–4). The

most common causes of congenital hydrocephalus are aqueductal

stenosis, neonatal central nervous system infections, intracranial

hemorrhage, and malformations, such as neural tube defects

or tumors (5). Fetal ventriculomegaly is one of the most

commonly diagnosed abnormalities in prenatal ultrasound

scanning (1–2/1,000 live births) (6).

While fetal ventriculomegaly is usually diagnosed with ultrasound,

this technology has several limitations, as it is operator-dependent and

the ability to penetrate the fetal calvarium is limited. In particular,

pathologies in the fossa cranii posterior are often missed when

performing only ultrasound imaging. Magnetic resonance imaging

(MRI) can detect additional anomalies such as cerebellar tumors,

anatomic abnormalities, cysts, and hemorrhages in 20%–50% of the

cases with no additional findings on ultrasound, especially in corpus

callosum pathologies, hemorrhage, folding abnormalities, and other

brain abnormalities (7–9). However, not every infant presenting with

congenital hydrocephalus receives MR-imaging, and especially in

countries with the highest prevalence (LMIC), these resources are

very limited (10–12). The reason for this is the high resource

requirement characterized by high costs and the need for technical,

spatial and personnel infrastructure such as reliable-continuous high-

power electricity supply, liquid helium which maintains the

superconductivity of the magnet, electromagnetic shielding, and a

large fringe field safety exclusion radius (13).

Ultralow-field portable MR Imaging (ULF) is a new imaging

tool that allows low-resource and bedside imaging. The portable

0.064-T MRI device currently available (Hyperfine, Gulford, CT)

has a magnetic field formed by two horizontally oriented

permanent magnets, while the receiver coil and radiofrequency

transmit coils are on a platform inside the gantry (14). ULF

imaging requires fewer resources owing to its lower cost and

lower personnel and infrastructure requirements. Moreover, it

reduces the risks, as patients do not need to be transported or

sedated for imaging (15, 16). ULF MR-devices have already been

trialed in both adult and pediatric settings (15–18, 19–21). Thus,

ULF provides a new opportunity to provide MRI to infants with

congenital hydrocephalus who would not otherwise receive an

MRI, both in LMIC (due to limited resources) as well as in high-

income countries, as not every infant presenting with congenital

hydrocephalus receives an MRI (9).

Herein, we present two cases of newborns antenatally

diagnosed with fetal hydrocephalus due to presumed aqueductal

stenosis. As no other pathologies were found on initial postnatal

cranial ultrasounds, both infants underwent ULF imaging to

detect a possible cause of the hydrocephalus. In both infants, a

tumor of the posterior fossa was found. This diagnosis makes

a significant difference in the treatment and prognosis of these

infants. Findings were missed in repeated cranial ultrasounds by

experienced operators and could be clearly diagnosed using ULF
Frontiers in Pediatrics 0286
imaging. Moreover, ULF imaging detected metastases in one

infant that were not detected on cranial ultrasound.
2 Patient information

2.1 Case 1

A girl was born at 36 + 6 weeks of gestation (WOG) by

cesarean section to a 35-year-old mother. Prenatal ultrasound

performed in 32 WOG showed ventricular hydrocephalus due to

assumed aqueduct stenosis.
2.2 Case 2

A boy was born at 37 + 6 WOG via cesarean section to a

36-year-old mother. Prenatal ultrasound performed at 23

WOG showed fetal hydrocephalus with mild dilatation of the

third ventricle.
3 Diagnostic assessment

3.1 Ultralow-field and standard imaging

Infants underwent ULF scanning on a 0.064T (64mT) Swoop®

(Hyperfine, Inc., Guilford, USA; hardware version: 1.7, software

version 8.7 beta) utilizing the built-in radiofrequency interference

rejection method, 29 single-channel transmit/eight-channel

receiver adult head coil with additional Hyperfine Inc. Baby Nest,

designed to facilitate the imaging of newborns by placing their

head at the magnet isocentre. The setting during the ULF scan is

shown in Figure 1.

After parental consent infants were scanned at their bedside,

either just next to the mother bed at the delivery station, or at their

cot in the neonatal ward. The local ethics committee approved the

study to be performed at the Children’s Hospital, University

Hospital Bonn/Germany (Ethics Nr 167/22). Parents and infants

could stay with each other during the entire scan, and parents

could also touch their baby to not disturb the early time of parent-

child interaction. The infants did not receive any sedation, and

imaging took place during natural sleep. A pediatrician supervised

the clinical care of all infants during the imaging. The sequences

acquired were T1 (TI 500 ms, UNITY), T2 (axial and isotropic

imaging, 2 mm linear scan), axial FLAIR, and axial DWI (b =

0 s/mm2 and b = 900 s/mm2). The scanning time was approximately

48 min. Images were reconstructed by the system using linear image

reconstruction methods (including geometric distortion correction

and receive coil sensitivity correction. Images were post-processed

using Python (Dicom2niftie), FLIRT, and Fsllab. We acquired at

least 2 T2-sequences which were then averaged using FSLlab. The

only shielding utilised by the Hyperfine Swoop is radio frequency

electromagnetic shielding, which is achieved by the use of a partial

faraday cage. The entrance to the scanner is an opening in this

cage, which the patient is placed through and the parent can reach
frontiersin.org
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FIGURE 1

Setting of bedside ULF scanning. Infants were scanned on the Hyperfine Inc. Swoop system, equipped with the single channel transmit/eight channel
receive adult head coil with additional Hyperfine Inc. Baby Nest which places the infant’s head at the magnet isocentre. Parents could touch their
infant during the ULF scan.

Groteklaes et al. 10.3389/fped.2025.1463314
through to settle their child. There is no static magnetic field shielding

employed, however the Gauss Guard indicates the extent of the 5

Gauss Line. Parents are screened for MRI safety using an MRI

screening form before entering this zone, as are patients. ULF MRI

was performed by a pediatrician. No other personnel was involved

for the scan.

Standard MRI neuroimaging was performed using a 3T Philips

Ingenia Elition scanner. The infants were imaged using an MR

incubator and sedated by an experienced clinician. Personnel

included involved: The neonatologist performing the sedation,

a nurse attending a scan, another nurse helping for the transport

of the infant from the neonatal ward to the radiologic

department, a radiologist and a radiological technical assistant.

The sequences acquired were T1, T2, SWI, DWI, and contrast-

enhanced. The scanning time was ∼90 min.

Cranial ultrasound was performed with a Philips AA26050 L

ultrasound machine. Prenatal ultrasound was performed using a

GE ultrasound machine by DEGUM III operators.

Fetal MRI was performed at a 1.5T Philips Ingenia scanner and

at a 1.5T Siemens Solar scanner.
Frontiers in Pediatrics 0387
3.1.1 Case 1
Repeated fetal ultrasounds showed no further intracranial

pathologies, and screening for congenital infectious diseases

[cytomegalovirus (CMV), Toxoplasma gondii, and parvovirus

B19] was negative. No fetal magnetic resonance imaging (MRI)

was performed.

Postnatally, no additional findings were found on cranial

ultrasonography. As the head circumference increased, surgery

was planned on the 5th day of life. Prior to surgery, the infant

underwent standard high-field 3 Tesla MR scanning, which

revealed a tumor of the fossa cranii posterior (Figure 2A, arrows).

Shunt surgery was performed without taking any tissue

samples, and 7 days later (on the 11th day of life), ULF imaging

was performed confirming the pre-known tumor and detecting it

had hemorrhaged since the time the HF-MRI was performed

(Figure 2B, arrows). The mass in the tumor showed massive

diffusion restriction and a cortex-isointense T2 signal (Figure 2B,

arrows). In addition, the ULF scan detected new disseminated

metastases supra- and infratentorially, showing a high T1 signal

and diffusion restriction on DWI and a corresponding low T2
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FIGURE 2

Imaging of the tumor in the fossa cranii posterior of case 1 with
high-field imaging at 5th day of life (A), ultralow-field imaging at
11th day of life (B) and high-field imaging at 19th day of life (C) the
scan at 5th day of life reveals a tumor of the fossa cranii posterior
(arrows) with low T2 and cortexisointense T1-signalling and
diffusion restriction (A) the ULF scan at 11th day of life (B) shows
the tumor has hemorrhaged (visible in T1, arrows) and confirms
the characteristical signalling of ATRT tumors with low T2 signal
and diffusion restriction. Note the artifact by the implanted VP
shunt. The high-field scan at 19th day of life (C), confirms the
findings of the ULF scan (compare to B).
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signal (Figures 3A,B,C, arrows). 3T MRI was performed on the

19th day of life and confirmed the findings of the ULF MRI

(Figures 2C, 3C,D,F, arrows). In knowledge of the MR findings,

we performed targeted cranial ultrasound by experienced

operators, which also confirmed the findings of the ULF scan.

Biopsy was taken at 21th day of life.

Taken together, ULF MRI showed a tumor of the fossa cranii

posterior with low T2 and cortexisointense T1-signalling and

diffusion restriction (Figure 2B, arrows). This is a characteristical

signalling of atypical teratoid rhabdoid tumor (ATRT) with low

T2 signal and diffusion restriction. Moreover, ULF MRI revealed

parietal (Figure 3A, arrows), cerebellar (Figure 3B, arrows) and

periventricular (Figure 3E, arrows) metastasis with a high T1 and

low T2 signal and diffusion restriction.
Frontiers in Pediatrics 0488
Taken together, due to its typical radiologic features and rapid

metastasis, a diagnosis of ATRT was suspected. The best supportive

care was offered, and the infant went home with his parents.

3.1.2 Case 2
Repeated fetal ultrasound by DEGUM III operators showed a

ruptured midline with no further intracranial pathologies, screening

for CMV and Toxoplasma Gondii was negative, genomic testing

including trisomy 13,18,21, and trio exome analysis from

amniocentesis showed no pathologic findings. Fetal MRI was

performedat 26 + 5and34WOG, showing features of aqueduct stenosis.

Postnatally, no additional findings were found on cranial

ultrasonography by several investigators.

The infant underwent ULF scanning on the 4th day of life,

revealing a tumor of the fossa cranii posterior (1.1 × 1 × 0.8 cm)

(Figure 4A, arrows). The tumor showed a high T2 signal and low T1

signal (Figure 4A, arrows). The tumor did not show any diffusion

restriction (Figure 4A, arrows). These findings were confirmed by

3-T-MRI on the 5th day of life (Figure 4B, arrows) as well as by

afterwards performed targeted cranial ultrasound by experienced

operators in knowledge of the MR-findings. As the head

circumference increased, surgery was planned on the 6th day of life.

Taken together, this tumor showed typical radiologic features of

low-grade gliomas (high T2 signal, low T1 signal, no diffusion

restriction as seen in Figure 4). To date, no biopsy has been

performed. The infant then underwent active surveillance. A second

MRI, performed in the 6th week of life, showed no progression.
4 Discussion

In this study, we present two neonates born with congenital

hydrocephalus with no known additional pathologies on repeated

ultrasound scans and, in one patient, two fetal MRIs. ULF scanning

revealed tumors of the fossa cranii posterior as the underlying

etiology for hydrocephalus and, therefore, made a huge change to

therapeutic procedures as well as prognosis. Moreover, we showed

that ULF can be used to detect metastasis in the neonatal brain. This

is the first reported case of a neonatal tumor and metastasis detected

using ULF scanning. Moreover, we showed that ULF scanning can

not only detect brain tumors, but also show specific radiologic

features of brain tumors (in this case shown for low-grade glioma

and ATRT) and therefore has a high influence on the treatment of

these children and even the decision to go for best supportive care.

The aqueductal stenosis is a common cause of congenital

hydrocephalus (6). Its etiology can be due to an anatomic anomaly as

well as a secondary change due to various pathologies, such as central

nervous system infections (CMV, Toxoplasmosis) and subsequent

adhesions, or external compression through tumors, cysts, or

intracerebral hemorrhage as well as genetic reasons (5, 22, 23).

Therefore, the diagnosis of fetal ventriculomegaly should be

accompanied by testing for infections (CMV, Toxoplasmosis) as well

as genetic testing (5, 24). Radiographic evaluation should include

ultrasonography to further investigate the cause of hydrocephalus. Fetal

MRI is used to provide information about the etiology of

hydrocephalus and to identify additional anatomic anomalies, such as
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FIGURE 3

ULF (A,B,E) and high-field (C,D,F) imaging of case 1. The ULF scan at 11th day of life reveals parietal [(A) arrows], cerebellar [(B) arrows] and
periventricular [(E) arrows] metastasis with a high T1 and low T2 signal and diffusion restriction. The high-field scan at 19th day of life confirms the
findings of the parietal [(C) arrows], cerebellar [(D) arrows] and periventricular [(F) arrows] metastasis).
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septo-orbicdysplasia andmalformationsof cortical development, leading

to closer observation, monitoring, or further interventions (5–7, 24–26).

Postnatally, routine surveillance should include physical

examination, serial head circumference measurements, and serial

radiographic imaging (5). Radiographic examinations with cranial

ultrasound should be performed to provide further information
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on the etiology and surveillance of infants (6). Postnatal MRI is

required to investigate the etiology of hydrocephalus, as well as

the appearance of the ventricular system, which may significantly

change surgical strategies (5).

ULF portableMRI is a new technique that allows bedside imaging

in both high- and low-resource settings. ULF imaging requires less
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FIGURE 4

ULF (A) and high-field (B) scanning of case 2. The ULF scan at 4th day of life reveals a tumor of the fossa cranii posterior [(A) arrows] showing high T2
signal and low T1 signal without diffusion restriction. The high-field scan at 5th day of life (B) confirms the ULF finding from the previous day showing a
tumor of the fossa cranii posterior (arrows) with low T1 and high T2 signal without diffusion restriction.
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resources, due to its lower cost, and lower personnel and

infrastructure requirements. Moreover, it reduces the risks as

patients do not need to be transported or sedated for imaging (27).

Thus, ULF MRI provides a new opportunity to provide MRI to

infants with congenital hydrocephalus who would not receive an

MRI otherwise, both in LMIC as well as in high-income countries.

Moreover, ULF MRI could allow point-of-care imaging within

high-resource environments. There is increasing evidence of using

ULF MRI in diagnosing different diseases, so far primarly described

in the adult population (11–17). For example, several studies have

shown the possibility to detect and monitor strokes in adult

patients (15, 28–30). There is limited evidence in children and

neonates. However, it has been shown that ULF MRI can be used

in ECMO patients (16), in neonates detecting hydrocephalus,

hypoxia- ischemia and agenesia of the corpus callosum (15, 20) and

in children detecting intracranial hemorrhage (31). In adults,

detection of intracerebral tumor using ULF MRI has been described

in few cases (10, 32–34); however, no detection of metastasis using

ULF MRI has so far been reported in literature and this is the first

description of diagnosis of metastasis and ATRT using ULF MRI.

In this study, we demonstrated that ULF MRI is safe and feasible

in neonates with congenital hydrocephalus. We showed that ULF

imaging can be performed without the use of sedation and without
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separating the parents from their children at the bedside in

neonatal and delivery wards. We showed that there were no

restrictions on medical care owing to ULF imaging. Moreover, in

one case, we demonstrated that ULF imaging can be performed in

children with a ventricular-peritoneal (VP) shunt and that shunting

positions have not changed due to ULF MRI. Therefore, ULF MRI

can be used as a safe diagnostic tool for infants with VP shunts.

We demonstrated that ULF scanning can detect intracerebral

tumors that had not been detected on either fetal MRI or sequential

pre- and postnatal cranial ultrasound. We showed that ULF MRI

could detect intracerebral metastases. To the best of our knowledge,

these are the first cases described in the literature with ULF scanning

for the detection of neonatal tumors and metastasis. We demonstrated

that ULF scanning can not only detect these findings but also show

specific radiologic features of brain tumors (in this case, ATRT and

low-grade glioma), and therefore lead to therapeutic decisions.

Comparing ULF imaging with conventional high-field imaging,

high-field scanning has a higher resolution and shows a more detailed

image of the brain. Moreover, contrast enhancement can be used on

high-field MRI, which has so far not been trialed in ULF, and

therefore provides more information about the tumor. Thus, there are

limitations of the use of ULF MRI for the diagnosis of congenital

hydrocephalus, as especially very small pathologies require higher
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resolution and higher image quality than ULF can so far provide.

Nevertheless, even without contrast enhancement, ULF could detect

metastasis and show radiologic features typical for specific brain

tumors, which were then confirmed by high-field scanning.

As ULF scanning requires fewer resources and, due to its

feasibility at the bedside, is less stressful to patients than high

field scanning (13, 16), we suggest that all children with

congenital hydrocephalus, especially those with aqueductal

stenosis and no clear etiology on cranial ultrasound, should be

examined with ULF. Moreover, it reduces stress to the parents, as

they do not need to be separated from their child, and early

parent-child interaction is not disturbed. Patients have not to

move significantly, which also reduces stress to the patients as

equipment and staff resources, and allows imaging in very

unstable patients (15, 16). No extra monitoring is needed, which

also contributes to minimizing stress and resources.

To conclude, ULF MRI widens the access of MRI to infants

both in high- and low- and middle-income countries who would

not otherwise receive an MRI.

We also demonstrated that the ULF characterizes intracerebral

tumors and detect metastasis. As it is easy to perform and requires

only low resources, it can be used as a serial imaging tool to image

neonates with tumors to detect metastasis, progression, and

hemorrhages. Furthermore, it is not dependent on the operator’s skills

and has this advance compared to cranial ultrasound, by which in

these cases the findings were missed until knowledge of the tumor was

aquired through ULF imaging. Moreover, as it shows specific findings

for specific tumors, it helps tomake a diagnosis and treatment decisions.
5 Patients perspective

Both ULF scans were attended by a pediatrician and both parents.

Neither the pediatrician nor the parents noticed any signs of stress in

the infants. The parents reported the ULF scan was less stressfull than

the high field scan. Both families agreed that ULF scanning was a less

invasive opportunity to examine their children.
6 Conclusions

Ultralow-field MRI can be instrumental in clarifying the etiology

of congenital hydrocephalus, particularly in detecting tumors that

may not be detected by fetal MRI and serial ultrasound, even when

performed by highly skilled professionals. This is the first reported

case of a neonatal tumor andmetastasis detected using ULF scanning.

ULF MRI is capable of detecting intracerebral tumors,

identifying specific tumor features, and thus aiding in more

accurate diagnoses. It can also reveal metastasis, progression, and

hemorrhage in neonatal tumors.

Additionally, compared to 3T MRI, ULF MRI was able to reveal

significant findingswhile requiring fewer resources and being easier to

perform. Therefore, we recommend that children with congenital

hydrocephalus who show no abnormalities on cranial ultrasound

should undergo ULF MRI. This imaging modality holds potential

for monitoring neonatal tumors and detecting metastasis.
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Future research and development are needed for ULF imaging,

especially as imaging technologies are rapidly advancing and ULF

imaging capabilities improve each year. This progress could make

ULF MRI a viable screening and surveillance tool in high-income

countries and extend MRI accessibility to low- and middle-

income countries. Investigating contrast enhancement in ULF

MRI is crucial for further characterizing intracranial tumors.
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Objective: Our research aims to develop an automated method for segmenting brain 
CT images in healthy 2-year-old children using the ResU-Net deep learning model. 
Building on this model, we aim to quantify the volumes of specific brain regions and 
establish a normative reference database for clinical and research applications.

Methods: In this retrospective study, we  included 1,487 head CT scans of 
2-year-old children showing normal radiological findings, which were divided 
into training (n = 1,041) and testing (n = 446) sets. We preprocessed the Brain 
CT images by resampling, intensity normalization, and skull stripping. Then, 
we trained the ResU-Net model on the training set and validated it on the testing 
set. In addition, we compared the performance of the ResU-Net model with 
different kernel sizes (3 × 3 × 3 and 1 × 3 × 3 convolution kernels) against the 
baseline model, which was the standard 3D U-Net. The performance of the 
model was evaluated using the Dice similarity score. Once the segmentation 
model was established, we derived the regional volume parameters. We then 
conducted statistical analyses to evaluate differences in brain volumes by sex 
and hemisphere, and performed a Spearman correlation analysis to assess the 
relationship between brain volume and age.

Results: The ResU-Net model we  proposed achieved a Dice coefficient of 
0.94 for the training set and 0.96 for the testing set, demonstrating robust 
segmentation performance. When comparing different models, ResU-Net 
(3,3,3) model achieved the highest Dice coefficient of 0.96  in the testing set, 
followed by ResU-Net (1,3,3) model with 0.92, and the baseline 3D U-Net with 
0.88. Statistical analysis showed that the brain volume of males was significantly 
larger than that of females in all brain regions (p < 0.05), and age was positively 
correlated with the volume of each brain region. In addition, specific structural 
asymmetries were observed between the right and left hemispheres.

Conclusion: This study highlights the effectiveness of deep learning for automatic 
brain segmentation in pediatric CT imaging, providing a reliable reference for 
normative brain volumes in 2-year-old children. The findings may serve as a 
benchmark for clinical assessment and research, complementing existing MRI-
based reference data and addressing the need for accessible, population-based 
standards in pediatric neuroimaging.
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1 Introduction

Abnormalities in brain volumetrics have been associated with 
congenital and acquired diseases in children, such as hydrocephalus 
(1), brain trauma (2), and neuropsychiatric disorders (3). Most in vivo 
studies have used magnetic resonance imaging (MRI) of healthy 
volunteers to measure global and regional volume loss (4–7). However, 
this approach encounters difficulties when applied to pediatric 
populations, resulting in a lack of an accepted normative database, 
which limits quantitative reporting (4, 5, 8).

CT is a fast, cost-effective, and widely accessible imaging modality, 
providing a viable alternative for pediatric patients unable to undergo 
MR examination, enabling the generation of a large reference database 
for statistical analysis (9, 10). Research indicates that CT-based visual 
classifications and quantitative metrics are comparable to MRI results 
for certain pathological features and show significant correlations with 
cognitive test outcomes (11–13). However, MRI is widely used for 
high-resolution brain volume measurements due to its strong soft 
tissue contrast. However, MRI remains the preferred modality for high-
resolution brain volume measurements due to its superior soft tissue 
contrast. Previous CT volume assessments have primarily used semi-
quantitative methods, which are time-intensive and require trained 
specialists. Recent advances in automated brain CT segmentation, 
particularly through deep learning, have demonstrated faster and more 
accurate segmentation, with results strongly correlating with those 
from MRI segmentation (14–16).

In this study, we focused on children aged 2 years, applying an 
automated segmentation algorithm to a large set of retrospectively 
identified head multidetector computed tomography (MDCT) scans 
with normal radiological findings to develop a clinical reference 
database for regional brain volumes. This database can serve as a 
quantitative benchmark for evaluating cases within similar clinical 
peer groups.

2 Materials and methods

2.1 Study cohort and imaging protocol

This study was a retrospective analysis of head CTs identified from 
the clinical PACS, with institutional review board approval and a 
consent waiver obtained prior to data collection.

We consecutively collected scans from a CT scanner between 
October 2017 and May 2022. Cases consisted of patients with nonspecific 
symptoms (e.g., head injury, headache, fever, vomiting) and no known 
systemic disease. All control cases were reviewed by two board-certified 
neuroradiologists and confirmed as normal, without acute or chronic 
abnormalities. Cases with image artifacts or a history of brain conditions-
such as intracranial hemorrhage, skull fracture, or neurodevelopmental 
impairments-were excluded. Additionally, patients with prior or 
follow-up CT/MRI revealing intracranial abnormalities (e.g., cysts, 
hyperintense FLAIR lesions) were excluded from the analysis.

2.2 CT segmentation with ResU-Net model

In this study, we applied the ResU-Net (17) model to segment 
brain anatomical regions on CT images. First, this study involved 

1,487 patients with multidetector computed tomography (MDCT) 
scans. We trained and tested the ResU-Net model on this dataset. 
Then, we used the trained ResU-Net model to obtain segmentation 
results on the CT data set. Further details on data acquisition, 
preprocessing, and model training and testing methodologies are 
provided below.

2.2.1 Data acquisition
To train the ResU-Net model, 1,487 patients were enrolled. All 

enrolled patients underwent multidetector computed tomography 
(MDCT) scans. MDCT images were used for the brain segmentation 
task and volume analysis task. All scans were performed using a 
256-row detector CT scanner (Revolution CT, GE Healthcare) in axial 
scan mode. The detector coverage was adjusted based on the patient’s 
head size, with options of 12, 14, or 16 cm. The tube voltage was set at 
120 kVp, and the gantry rotation time was 0.8 s. The tube current was 
tailored to the children’s age, ranging from 150 mA for children aged 
0–2 years, 170 mA for children aged 3–6 years, 190 mA for children 
aged 7–12 years, and 210 mA for children aged 13 years and older. 
Additionally, radiologic technologists could adjust the tube current by 
±10 mA based on their experience.

The scan matrix size was 512 × 512, with both slice thickness and 
slice spacing set to 0.625 mm. The volume CT dose index (CTDIVOL) 
was approximately 16–20 mGy. The original scan data were then 
reconstructed into standard window images with a slice thickness of 
0.625 mm and a slice spacing of 0.625 mm. Bone window images were 
also reconstructed using a window width of 4,000 and a window level 
of 700, while standard window images had a window width of 100 and 
a window level of 30. These images were subsequently uploaded to the 
PACS system.

The scans were performed in a single rotation with the patient in 
a fixed, supine position. The scanning range extended from the base 
of the skull to the top of the skull. For children unable to cooperate 
during the procedure, sedation was administered using oral chloral 
hydrate (10%, 0.4 mL/kg) before the scan.

The dataset was divided into training (n = 1,041) and test 
(n = 446) sets in a 7:3 ratio. The training set was utilized to train the 
ResU-Net model, while the test set was reserved for independent 
evaluation to assess the model’s performance. This approach ensures 
that the model is trained on a sufficiently large sample while also 
enabling an unbiased assessment of its ability to generalize to new, 
unseen data.

2.2.2 Data preprocessing
Before training and testing the model, we  applied a series of 

preprocessing steps to all the images, including resampling, intensity 
normalization, and skull stripping. First, we resampled all 3D images 
using linear interpolation to achieve a voxel spacing of 1 × 1 × 1 mm3. 
Next, we  performed intensity normalization through adaptive 
histogram equalization to enhance the contrast of the images. Finally, 
we used the Python library SimpleITK to perform skull stripping by 
applying threshold segmentation to remove the skull. This process 
eliminated the skull’s occlusion of the brain tissue, allowing for clearer 
visualization of the brain tissue’s morphology and density.

In this study, expert labeling was first established through manual 
labeling by a neuroradiologist with 6 years of experience, under the 
supervision of a pediatric neurodiagnostic specialist with over 15 years 
of expertise. Segmentation followed neuroanatomical atlases and 
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previous studies (16, 18–21), with manual labeling performed on axial 
slices and adjusted in coronal and sagittal views. These expert labels 
were then used as the segmentation templates. To generate a large 
labeled dataset for model training, pseudo-labels were created through 
a template-based registration process using ANTs (Advanced 
Normalization Tools). The pseudo-labels were then roughly visually 
inspected by the experts to correct any evident segmentation errors. 
After correction, these pseudo-labels were treated as the ground truth 
labels for training the deep learning model.

The segmentation focused on 10 brain regions, including the 
right/left frontal lobes, parietal lobes, occipital lobes, temporal lobes, 
cerebellum, and brainstem. These regions were selected based on their 
clear anatomical boundaries and the feasibility of accurate 
segmentation in pediatric CT images. Due to the ongoing myelination 
process in children’s brains, distinguishing gray and white matter is 
challenging. As a result, we  prioritized larger brain lobes and 
structures that are more easily identifiable in CT scans. Manual 
labeling was performed on axial slices, with adjustments made in 
coronal and sagittal views to ensure accuracy. ITK-SNAP software 
(Version 3.6.0) was used for these manual annotations.

2.2.3 Model training and testing
The network architecture of the ResU-Net model used in this 

study is shown in Figure 1. The ResU-Net model processes 3D CT 
images through a combination of residual connections, U-Net skip 
connections, subsampling, and up-sampling operations. It uses 27 
convolutional layers to achieve precise and detailed segmentation, 
enhancing convergence speed and computational efficiency.

We employed the ResU-Net model to segment brain structures. 
To enhance the robustness of the model, we  selected data 
augmentation methods, including random flips and rotations, for the 
training data, while no augmentation was applied to the testing data 

to ensure a fair evaluation of the model’s performance. Next, we built 
the deep learning model in PyTorch and trained it with five-fold cross-
validation. Model parameters were updated using a multi-class cross-
entropy loss function and the Adam optimizer, with a learning rate of 
1 × 10−5. Training was conducted over 200 epochs with a batch size of 
4. Finally, the model’s performance was evaluated using the Dice 
similarity score (22).

2.2.4 Comparison of ResU-Net configurations
In this study, we compared the performance of ResU-Net network 

with different kernel sizes by evaluating three configurations: 
ResU-Net model with a 3 × 3 × 3 convolution kernel, ResU-Net model 
with a 1 × 3 × 3 convolution kernel, and the baseline model, which 
was the standard 3D U-Net model. To assess segmentation accuracy, 
we calculated the average Dice coefficient over 10 training sessions to 
compare the performance of the different models. These results were 
analyzed to evaluate the impact of varying kernel sizes on model 
performance, with the baseline 3D U-Net serving as a reference for 
comparing the improvements or trade-offs introduced by modifying 
the kernel size in ResU-Net network.

2.3 Statistical analysis

All statistical analyses were performed on SPSS 26.0 software. 
Descriptive statistics are reported as mean ± standard deviation. 
We conducted one-sample t-tests and analysis of variance (ANOVA) to 
examine the age and sex distributions of the samples in both the training 
and testing sets, ensuring that no bias was introduced in the group 
assignments. Next, we  assessed the effects of sex and age on brain 
structure volumes using multiple linear regression analyses. Specifically, 
sex was included as a categorical variable (coded as 1 for males and 2 for 

FIGURE 1

ResU-Net used in this study. The ResU-Net network processed 3D CT images through a combination of residual connections, U-Net skip connections, 
sub-sampling, and up-sampling operations.
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females) in the regression models to isolate its impact on brain volume, 
while also adjusting for age. Additionally, a paired t-test was used to 
compare the left and right hemispheres, with the corresponding p-value 
calculated to evaluate the statistical significance of the difference. A p 
value of < 0.05 was considered statistically significant.

3 Results

3.1 Performance of ResU-Net model during 
training and testing

Overall, the ResU-Net model demonstrated strong performance 
in segmenting intracranial brain tissue, achieving an average Dice 
coefficient of 0.94 on the training set and 0.96 on the test set. Figure 2 
presents representative segmentation results for 10 brain anatomical 
regions from a sample in the testing set. Figures 2a–c display axial, 
sagittal, and coronal sections with ground truth segmentation labels, 
while Figures 2d–f show the corresponding sections with ResU-Net 
model generated labels. Overall, our model results aligned closely with 
the ground truth, although some minor missed and extra labels 
appear at the edges in Figures 2d,e.

3.2 Comparison of model performance

In the training set, the Dice coefficients for the Baseline model, 
ResU-Net (1,3,3) model, and ResU-Net (3,3,3) models were 0.94, 0.93, 
and 0.92, respectively. These values indicate similar performance in 
segmentation accuracy, with the Baseline model slightly 
outperforming the ResU-Net configurations. The small differences in 
training Dice coefficients suggest that all models effectively learned to 
segment brain regions.

However, in the test set, the ResU-Net (1,3,3) models and 
ResU-Net (3,3,3) models showed substantial improvements, achieving 

Dice coefficients of 0.92 and 0.96, respectively, while the Baseline 
model dropped to 0.88. This indicates that the ResU-Net models, 
particularly the ResU-Net (3,3,3) model, generalize better to unseen 
data. This is likely due to their ability to capture more robust features 
and adapt to variations in test images more effectively than the 
Baseline model.

The decline in the Baseline model’s performance from training 
(0.94) to testing (0.88) suggests overfitting to the training data. This 
reinforces the advantages of using ResU-Net network with residual 
connections, as these models maintained consistent performance 
across both training and testing, thereby reducing the risk of 
overfitting and improving the model’s generalization ability.

3.3 Sample demographics

The cohort included 826 males and 661 females, totaling 1,487 
participants. The ages of the participants ranged from 1.5 to 2.5 years, 
with a mean age of 1.98 ± 0.28 years. There were no statistically 
significant differences in age or gender distribution between the 
training and test sets (p > 0.05). Further details are provided in 
Table 1.

3.4 Influence of sex and age on brain 
volume

The average brain region volumes in healthy 2-year-old children 
were as follows: right frontal lobe (200.64 ± 19.15 cm3), left frontal 
lobe (204.51 ± 19.61 cm3), right parietal lobe (81.52 ± 7.91 cm3), left 
parietal lobe (79.42 ± 7.65 cm3), right occipital lobe 
(53.76 ± 5.21 cm3), left occipital lobe (52.82 ± 5.33 cm3), right 
temporal lobe (91.92 ± 9.07 cm3), left temporal lobe 
(94.08 ± 9.27 cm3). Additionally, the cerebellum volume was 
127.97 ± 11.85 cm3, and the brainstem volume was 15.47 ± 1.50 cm3. 

FIGURE 2

Segmentation results for a sample subject from the testing set. Panels (a–c) show axial, sagittal, and coronal CT sections with ground truth labels, while 
panels (d–f) display the corresponding sections with labels generated by the ResU-Net model. Ten brain regions—right and left frontal lobes, right and 
left parietal lobes, right and left occipital lobes, right and left temporal lobes, cerebellum, and brainstem—are color-coded and labeled on the right.
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A more detailed description is provided in Table 2, which includes 
the distribution of brain volumes by sex.

We analyzed the effect of age and sex on brain volume using 
multiple regression analysis. The results in Table 3 demonstrate the 
effect of gender on volume. Statistical analysis showed that the brain 
volume of males was generally larger than that of females at the same 
age, and the results were statistically significant (p < 0.001).

The results in Table 4 present the effect of age on brain volume. 
Statistical results showed that age had a significant effect on each brain 

volume (p < 0.001). Brain volume increases with age in all brain 
regions. However, brain volumes in different regions grew at different 
rates because they had different regression coefficients. Figure  3 
visualizes the relationship between age and brain volumes, showing 
how the volumes of these regions increase with age.

3.5 Comparison of brain volumes by 
hemisphere

We performed paired comparisons between the left and right sides 
of symmetrical structures in the brain, including frontal, parietal, 
occipital, and temporal lobes. The statistical results in Table 5 show that 
there are statistical differences in the left and right brain volumes of each 
lobe (p < 0.001), which indicates the asymmetry of the left and right sides.

4 Discussion

Childhood is a critical period for brain development, particularly 
in the first few years of life when the brain undergoes rapid growth and 
completes many developmental stages (6, 23). Brain development is 

TABLE 1 Demographics characteristics between training and testing set.

Group Age (years) Sex (n)

Male Female

Training set (n = 1,074) 1.97 ± 0.28 603 471

Testing set (n = 413) 1.98 ± 0.28 223 190

p value 0.554 0.491

This table shows the demographic characteristics of the training and testing sets, including 
age and sex distribution. The age of the two groups was 1.97 ± 0.28 and 1.98 ± 0.28, 
respectively, and there was no significant difference in age distribution (p = 0.554). In 
addition, there was no statistically significant difference in gender distribution between the 
training and test groups (p = 0.491).

TABLE 2 Distribution of brain structure volumes (cm3).

Brain regions Overall Male Female

Right frontal lobe 200.64 ± 19.15 208.01 ± 18.51 191.43 ± 15.63

Left frontal lobe 204.51 ± 19.61 211.90 ± 18.99 195.28 ± 16.15

Right parietal lobe 81.52 ± 7.91 84.61 ± 7.51 77.66 ± 6.60

Left parietal lobe 79.42 ± 7.65 82.35 ± 7.31 75.76 ± 6.41

Right occipital lobe 53.76 ± 5.21 55.53 ± 5.02 51.55 ± 4.55

Left occipital lobe 52.82 ± 5.33 54.45 ± 5.25 50.78 ± 4.69

Right temporal lobe 91.92 ± 9.07 95.55 ± 8.66 87.40 ± 7.38

Left temporal lobe 94.08 ± 9.27 97.85 ± 8.81 89.38 ± 7.53

Cerebellum 127.97 ± 11.85 132.56 ± 11.36 122.23 ± 9.78

Brainstem 15.47 ± 1.50 16.04 ± 1.46 14.75 ± 1.21

This table shows the brain volume distribution in detail for the overall, male group, and female group. It shows the volumes (in cm3) of different brain regions including the frontal, parietal, 
occipital, and temporal lobes as well as the cerebellum and brainstem.

TABLE 3 Effect of sex on brain volume.

Brain region Sex coefficient (B) Standard error (std. error) t-value p-value

Right frontal lobe −15.282 0.851 −17.95 p < 0.001

Left frontal lobe −15.356 0.882 −17.418 p < 0.001

Right parietal lobe −6.482 0.356 −18.215 p < 0.001

Left parietal lobe −6.108 0.344 −17.742 p < 0.001

Right occipital lobe −3.743 0.246 −15.193 p < 0.001

Left occipital lobe −3.464 0.258 −13.423 p < 0.001

Right temporal lobe −7.622 0.406 −18.763 p < 0.001

Left temporal lobe −7.962 0.416 −19.15 p < 0.001

Cerebellum −9.766 0.544 −17.955 p < 0.001

Brainstem −1.201 0.068 −17.745 p < 0.001

This table presents the effect of gender on brain volume in the multiple regression analysis. The results showed that the gender coefficients were all negative, indicating that the brain volume of 
the male group was generally larger than that of the female group in all brain regions (p < 0.001).
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FIGURE 3

Scatter plots showing the volume of various brain regions (right frontal lobe, left frontal lobe, right parietal lobe, left parietal lobe, right occipital lobe, 
left occipital lobe, right temporal lobe, left temporal lobe, cerebellum, and brainstem) in relation to age. The data suggests that brain region volumes 
generally increase with age. Males and females are represented with green and orange dots, respectively.

TABLE 5 Comparison of left and right brain structure volumes.

Brain regions Sex Right Left t value Effect size p-value

Frontal lobe
M 208.01 ± 8.51 211.90 ± 8.99 −30.54 1.06 <0.001

F 191.43 ± 5.63 195.28 ± 6.15 −29.60 1.15 <0.001

Parietal lobe
M 84.61 ± 7.51 82.35 ± 7.31 26.72 0.93 <0.001

F 77.66 ± 6.60 75.76 ± 6.41 22.39 0.87 <0.001

Occipital lobe
M 55.53 ± 5.02 54.45 ± 5.25 11.60 0.40 <0.001

F 51.55 ± 4.55 50.78 ± 4.69 8.13 0.32 <0.001

Temporal lobe
M 95.55 ± 8.66 97.85 ± 8.81 −24.53 0.85 <0.001

F 87.40 ± 7.38 89.38 ± 7.53 −19.34 0.75 <0.001

This table compares the brain structure volumes between the left and right hemispheres for both males and females. It includes the frontal, parietal, occipital, and temporal lobes. Statistically 
significant differences are observed in all regions, with the right hemisphere showing larger volumes in the frontal and parietal lobes, and the left hemisphere having larger volumes in the 
occipital and temporal lobes. Effect sizes are moderate to high, reflecting the magnitude of the differences.

TABLE 4 Effect of age on brain volume.

Brain region Age coefficient (B) Standard error (std. error) t-value p-value

Right frontal lobe 21.179 1.488 14.236 p < 0.001

Left frontal lobe 20.714 1.541 13.446 p < 0.001

Right parietal lobe 7.691 0.622 12.37 p < 0.001

Left parietal lobe 7.833 0.602 13.021 p < 0.001

Right occipital lobe 3.884 0.43 9.021 p < 0.001

Left occipital lobe 3.39 0.451 7.518 p < 0.001

Right temporal lobe 8.642 0.71 12.174 p < 0.001

Left temporal lobe 8.359 0.726 11.507 p < 0.001

Cerebellum 9.264 0.95 9.747 p < 0.001

Brainstem 1.45 0.118 12.262 p < 0.001

This table shows the effect of gender on brain volume in the multiple regression analysis. The results showed that the coefficients of gender were all positive, indicating that there was a positive 
correlation between age and brain volume, that is, brain volume increased with age (p < 0.001). And the results show that the change rate of brain volume in different regions is not consistent 
because of the different coefficient values.
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influenced by various internal and environmental factors (24), and 
diseases during this period can significantly impact development (3, 
7, 24–26). Brain volume is a key measure of brain development, 
obtained through non-invasive neuroimaging techniques such as 
high-resolution MRI, and is an important indicator of health and 
disease status in children. Quantitative assessments of brain volume 
are increasingly used in studies of neurological disorders (25, 27, 28). 
However, the lack of population-based reference standards for 
healthy brain volume complicates the clinical assessment of 
individual diseases (29, 30). Due to the limited availability of high-
resolution MRI data in children and the small sample sizes in related 
studies, establishing a normative reference standard for brain volume 
remains challenging (4, 5, 31, 32). In addition, MRI may not 
be feasible in certain clinical scenarios, such as emergency situations 
or with patients who have medical devices that cause significant 
artifacts (e.g., endotracheal tubes or other hardware). These 
limitations can restrict the ability to obtain reliable brain volume 
measurements in diverse pediatric populations.

CT imaging, with its faster acquisition time and wider clinical 
application, offers an opportunity to accumulate large datasets, 
making it feasible for studies involving larger and more diverse 
populations. In this study, CT data were used to measure brain 
volumes, with the expectation that these findings will complement 
and extend results from MRI studies. By leveraging the strengths of 
CT imaging, we aim to address some of the limitations associated 
with MRI and provide a more comprehensive understanding of brain 
development and disease in children.

This study utilized the ResU-Net deep learning model for brain 
tissue segmentation. In recent years, deep learning has become 
increasingly prevalent in medical image processing, particularly in 
segmentation tasks, due to its speed and robustness (33–39). Previous 
research has shown that deep learning algorithms perform well in 
brain tissue segmentation, with results comparable to those from 
MRI (14, 16). The Dice coefficient of 0.96 obtained in this study 
demonstrates that the ResU-Net  algorithm achieved good 
segmentation efficiency. Furthermore, the use of residual connections 
in ResU-Net model enhances feature propagation and helps mitigate 
the risk of overfitting, which is particularly crucial when working 
with complex and noisy medical imaging data. This advantage is 
supported by other studies, which have demonstrated that 
incorporating residual connections into network architectures leads 
to improvements in segmentation accuracy (40).

Our findings indicate that brain volume in males is generally 
larger than in females, which is consistent with previous studies (5, 
7, 41, 42). Research suggests that male brain volume is larger than 
that of females across all ages (41, 43). This difference may 
be  influenced by several factors, including gonadal hormones, 
neurosteroids, and epigenetic and environmental factors (44–47). 
These influences contribute to significant sex-based differences in 
brain development, which may also affect the manifestation of 
neuropsychiatric disorders, neurodegenerative diseases, and trauma-
related conditions (44).

Brain volume development varies across regions and ages during 
childhood, which is essential for understanding cognitive and 
neurological development. The brain grows rapidly during childhood, 
with different regions maturing at different rates (6, 48, 49). Gray 
matter volume peaks around age 6 before gradually decreasing, 
whereas white matter continues to develop until approximately age 

28. The growth trajectories of different regions are heterogeneous, 
with regions associated with sensory and motor control reaching 
developmental peaks earlier, while prefrontal regions related to 
higher cognitive functions develop more slowly. Although this study 
focused on 2-year-olds, we observed a positive correlation between 
brain region volume and age, confirming the rapid brain development 
occurring at this age.

Moreover, the study also revealed structural asymmetry in the 
brain: the left frontal and temporal lobes were larger than their right 
counterparts, while the right parietal and occipital lobes were larger 
than the left. Although the brain exhibits a high degree of left–right 
symmetry at a macroscopic anatomical and functional level, subtle 
structural differences exist between hemispheres (50). This 
asymmetry is closely linked to higher cognitive functions such as 
language processing, spatial cognition, facial recognition, and 
emotional response (51). For example, the left hemisphere is more 
involved in language production and comprehension, while the right 
hemisphere plays a key role in processing non-verbal information. 
Brain asymmetry is influenced by factors such as genetics, 
environment, and hormones (50). The study of brain lateralization is 
crucial for understanding brain mechanisms and identifying specific 
diseases. Previous studies have shown that changes in brain 
asymmetry are associated with neurodegenerative diseases and 
neuropsychiatric disorders (52, 53). These findings may provide 
useful biomarkers or clinical predictors of disease, offering insights 
into the neurobiology of these conditions.

Several factors should be considered when interpreting these 
results. One challenge is the reliance on a single manual segmentation 
template for brain CT data, particularly due to the lack of 
standardized templates for children. This reliance may affect the 
accuracy and generalizability of the findings. Therefore, future 
research should focus on developing multiple segmentation templates 
to enhance both accuracy and model robustness. Another limitation 
is that the data in this study were obtained from a single center and a 
single device, with no validation from multi-center or multi-device 
datasets. This could impact the model’s adaptability to different 
scanning devices, scanning parameters, and image qualities. For 
instance, in real clinical settings, imaging data may be affected by 
noise, artifacts, or inadequate resolution. The robustness of the model 
in this study to such low-quality data has not been thoroughly tested, 
which could impact its reliability in practical applications. To address 
this issue, future studies will aim to expand data sources through 
multi-center collaborations and establish standardized data-sharing 
platforms to foster data exchange and promote collaborative research 
across various studies. Moreover, while this study focused on a 
“normal” population, the sample primarily consisted of trauma 
patients. Although efforts were made to exclude abnormal cases, 
minor trauma that was not identified by CT scans may have been 
overlooked, potentially affecting brain volume measurements. To 
improve detection of minor trauma, future research will develop 
deep learning-based detection techniques. Furthermore, collecting 
more detailed clinical information in subsequent studies will help to 
exclude such cases, ensuring that the findings are both accurate and 
comparable across different cohorts.

In conclusion, this study highlights the potential of deep learning 
for automatic brain tissue segmentation. Using existing clinical head 
CT data, our approach lays the groundwork for future clinical 
applications in diagnosis, treatment, and research.
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