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In structural magnetic resonance (MR) imaging, motion artefacts, low
resolution, imaging noise and variability in acquisition protocols frequently
degrade image quality and confound downstream analyses. Here we report

afoundation model for the motion correction, resolution enhancement,
denoising and harmonization of MR images. Specifically, we trained a
tissue-classification neural network to predict tissue labels, which are then
leveraged by a ‘tissue-aware’ enhancement network to generate high-quality
MR images. We validated the model’s effectiveness on a large and diverse
dataset comprising 2,448 deliberately corrupted images and 10,963 images
spanning a wide age range (from foetuses to elderly individuals) acquired
using a variety of clinical scanners across 19 public datasets. The model
consistently outperformed state-of-the-art algorithmsinimproving the
quality of MR images, handling pathological brains with multiple sclerosis
or gliomas, generating 7-T-like images from 3 T scans and harmonizing
images acquired from different scanners. The high-quality, high-resolution
and harmonized images generated by the model can be used to enhance the
performance of models for tissue segmentation, registration, diagnosis and
other downstream tasks.

Structural magnetic resonance imaging (MRI) is an established,
non-invasive and safe technique to characterize the human brain,
owing to excellent soft tissue contrast and lack of radiation’. However,
despite its advantages, any participant motion from head movement
oreven heartbeats, breathing or blinking during acquisition can cause
serious blurring and ghost artefacts?, resulting in confounding effects
and in challenges for subsequent neuroimaging analyses, including
tissue segmentation, registration, atlas construction, parcellation
and group comparisons. Moreover, motion artefacts are commonly

present in MRIs of individuals across all age groups, from foetuses to
elderly adults. In particular, collecting high-quality MRIs from young
children (2-4 years of age) is extremely challenging?’, as they are typi-
cally active and have difficulty remaining still throughout the entire
scan, with only 33-60% success rate as reported in refs. 4,5.

To mitigate motion artefacts, various techniques have been pro-
posed and canbe broadly classified into two categories: prospective®’
and retrospective correction methods® ™ Prospective methods aim
to prevent artefacts during data acquisition. The most common
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Fig.1| Overview of the BME-X model. a, A flowchart of the tissue-aware
foundation model to improve image quality. b, Seven applications of the
foundation model, including motion removal, super-resolution reconstruction,

denoising, contrast improvement, high-field-like reconstruction, enhancement
for foetal MRIs and harmonization. ¢, Extensions for downstream tasks, including
tissue segmentation, parcellation, registration and diagnosis.

prospective strategy is to maintain a relatively constant relation
between scanning coordinates and the object of interest, such as a
head marker. However, this strategy has yet to be fully validated for
routine use” and requires either expensive additional hardware or
sequence modifications that can increase scan duration**”, In contrast,
retrospective methods remove or reduce artefacts after acquisition
using navigators' or trackers”, or iterative algorithms. Examples of
retrospective correctionmethods includeiterative estimation of phase
correction’®, autofocusing methods™?°, parallel-imaging reconstruc-
tion* and specific k-space sampling techniques (for example, periodi-
callyrotated overlapping parallel lines with enhanced reconstruction
(PROPELLER)* or distributed and incoherent sample orders for recon-
struction deblurring using encoding redundancy (DISORDER)"). These
methods are in general computationally expensive and require sup-
plemental data alongside the reconstructed images, such as the raw
frequency domain (k-space) data, which is not always available for
large-scale open datasets®.

Recent deep learning-based methods have emerged as a potential
solution for motion correction®°?"?, These methods eliminate the
need for expensive additional hardware, sequences modification
or supplemental k-space data. For instance, an artefact-correction
method based on amulti-scale fully convolutional neural network was
proposed' that extracts both high- and low-level features from input
images across three different scales. In addition, an unsupervised,
multi-contrast, brainimage-based in-plane motion correction frame-
work was developed?®. A disentangled unsupervised cycle-consistent
adversarial network (DUNCAN)’, inspired by image translation tech-
niques such as cycle-consistent generative adversarial networks (Cycle-
GAN)? and Pix2Pix*, can mitigate artefacts without requiring paired
artefact-free and artefact-corrupted data during training. However,
while these methods have shown success, they still produce images
with residual artefacts and anatomically incorrect tissues. In particular,
they suffer fromtwo key limitations. First, most existing methods target
adultbrain MRIs, with few focusing on the entire lifespan, particularly
the challenging young children (2-4 years of age) phase that is often
affected by severe motion artefacts. Second, most existing methods
ignore the brain anatomy, resulting in fake anatomical structures in
the corrected results.

Besides motion artefacts, brain MRl is often acquired with large
through-plane thickness or low resolution, due to limitationsinimag-
ing hardware, signal-to-noise ratio (SNR), time constraints and par-
ticipant comfort. To mitigate these limitations, many super-resolution
techniques®*~?have been proposed to effectively increase image reso-
lution. For instance, a non-local MRI upsampling (NLUP) method*°
was proposed that uses data-adaptive patch-based regularization
combined with asubsampling coherence constraint to enhance voxel
resolution. SynthSR* is an artificial intelligence technique that is pub-
licly available for image synthesis and super resolution. In addition,

brain MRl is further degraded by inevitable imaging noise, mainly
from thermal noise susceptibility, stochastic variation, physiological
process and other sources®. Denoising is therefore a critical task in
image processing systems to improve image quality. However, most
existing methods treat motion correction, super resolution and denois-
ing as separate tasks, or propose sequential pipelines to address them
oneby one, resulting in cumulative errors and suboptimal solutions.

Another notable challenge in using MRI data is the large inter-
centre data heterogeneity, stemming from variations in scanner manu-
facturers, models andimaging parameters. This heterogeneity hinders
comparability across sources and adversely affects both clinical and
research outcomes. Although recent advancementsin MRI technology
have enhanced image quality, harmonization remains crucial, par-
ticularly in multi-centre studies. State-of-the-art methods, including
machine-learning approaches and generative adversarial networks***,
have shown promise in mitigating these discrepancies. In addition,
techniques such as combining batches (ComBat)*, which employs
empirical Bayes frameworks to adjust for batch effects, are widely
adopted in neuroimaging. However, these methods often depend on
specifictraining data or batch configurations, limiting their ability to
generalize across diverse imaging protocols and scanners, which can
lead toinconsistent harmonization results.

In this work, we propose a flexible and easy-to-implement brain
MRI enhancement foundation (BME-X) model, as shown in Fig. 1, for
notably improving the quality of brain MR images through motion
correction, super resolution, denoising, harmonization and contrast
enhancement. Our approach is rooted in the fundamental assump-
tion that increasing image quality yields clearer and sharper image
appearances, accompanied by a convergence of intensity ranges within
each tissue type to a single value. Therefore, the complicated task of
image reconstruction can be simplified to a tissue classification task.
Then, high-quality images can be straightforwardly estimated with
the guidance of classification results. Specifically, the BME-X model
consists of atissue classification network and a tissue-aware enhance-
ment network. The tissue classification network is trained to predict
the tissue labels, with the advantage of deep learning-based methods
being robust to classify motion-corrupted MR images®. Then, the
tissue-aware enhancement network leverages these tissue labels to
generate high-quality images. To thoroughly evaluate the performance
of our approach, we conducted extensive validation on 2,448 synthe-
sized corruptedimages and 10,963 in vivoimages from 19 public data-
sets with mixed Siemens, General Electric (GE) and Philips scanners,
covering thelifespan from foetuses to elderly individuals. The results
demonstrate that BME-X substantially outperforms state-of-the-art
methodsboth qualitatively and quantitatively, and is remarkably effec-
tive in motion correction, super-resolution reconstruction, denois-
ing, handling pathological brain MRIs (such as those with multiple
sclerosis (MS) or gliomas) and harmonization across scanners or sites.
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Fig.2|Visual comparison of the enhanced results for in vivo Tlw images

at24 months old. In the first column, from top to bottom are Tlw images

with severe, moderate and minor artefacts, and two low-resolution images

(1.0 x 1.0 x 3.0 mm?). The corresponding enhanced images generated by different

methods are shown from the second column to the last column. The resolution
of the two-dimensional sagittal and coronalsslices (the corrupted images in the
last two rows) is 1.0 x 3.0 mm?. The corresponding enhanced resultsareina
resolution of 0.8 x 0.8 x 0.8 mm’.

Moreover, our harmonized, high-quality, high-resolutionimages gen-
erated by BME-X facilitate various downstream tasks including tissue
segmentation, parcellation, registration and diagnosis, as shown by
our experimental results.

Results and discussion

We first show the advantages of the BME-X model by validating it on
adiverse set of 2,088 synthesized corrupted images from 6 datasets
(in‘Motion correction and super resolution on 24-month-old images’
and ‘Performance on1,908 synthesized lifespanimages’ sections) and
10,963 in vivo images from 19 datasets (in ‘Performance on 10,963
invivo images, foetal to adulthood’ section). Second, we conduct an
ablation study to validate the effectiveness of the tissue classifica-
tion module in enhancing image quality (in ‘Ablation study’ section).
Third, we present acomprehensive evaluation of BME-X's robustness
when handling corrupted images with varying levels of motion arte-
facts, downsampling, Gaussian noise, Rician noise and smoothing
(in ‘Robustness quantification’ section). Fourth, we assess whether
any potential bias was introduced during reconstruction (in ‘Bias
quantification during reconstruction’ section). Fifth, we explore the
capability of BME-X to estimate high-field-like (7-T-like) images from
3 T MRIs (in ‘Application on reconstruction 7-T-like images from 3 T
MRIs’ section). Sixth, we demonstrate the effectiveness of BME-X in
removing artefacts from abnormal brain MRIs with various conditions

(in ‘Application on pathological brain MRIs with lesions or gliomas’
section). Seventh, we apply BME-X for the harmonization of brain
MRIs across different scanners (in ‘Application on harmonization
across scanners’ section). Eighth, we extend the BME-X model to sev-
eral downstream tasks, including tissue segmentation, registration,
parcellation and diagnosis (in ‘Downstream tasks’ section). Lastly, we
discuss the limitations of this study and outline potential future work
(in‘Outlook’ section).

Competing methods

We compared the BME-X model with five state-of-the-art methods:
(1) DUNCAN?’, (2) Pix2Pix*, (3) CycleGAN?, (4) densely connected U-Net
(DU-Net)” and (5) NLUP*°, DUNCAN (version 3.0) is awell-trained model
that is publicly available (https://doi.org/10.5281/zenodo0.3742351
(ref. 38)) for artefact removal using training data from University of
North Carolina at Chapel Hill/University of Minnesota (UNC/UMN) Baby
Connectome Project (BCP)*. To ensure a fair comparison, the compet-
ing artefact removal methods (Pix2Pix, CycleGAN and DU-Net) share the
same training dataset with the BME-X model. Of note, to demonstrate
the advantages of the tissue classification module in enhancing image
quality, we conducted ablation studies by comparing the proposed
framework with the DU-Net model that was trained for enhancement
without the tissue classification module. NLUP (version 2.0, https://
personales.upv.es/jmanjon/upsampling.htm) is a state-of-the-art

Nature Biomedical Engineering


http://www.nature.com/natbiomedeng
https://doi.org/10.5281/zenodo.3742351
https://personales.upv.es/jmanjon/upsampling.htm
https://personales.upv.es/jmanjon/upsampling.htm

Article

https://doi.org/10.1038/s41551-024-01283-7

super-resolution algorithm for brainimages that uses a data-adaptive
patch-based regularization in conjunction with asubsampling coher-
ence constraint.

Evaluation metrics

To evaluate the quality of enhanced results, we initially regarded images
thatappear artefact-free as the ground truth reference. However, imag-
ing noiseisinevitable during acquisition, even forimages that appear
artefact-free. To ensure the quality of the ground truth, we applied a
multi-resolution non-local means filter*’ to further denoise the original
artefact-freeimages. We then used these denoised artefact-free images
asthereference for six quality metrics, including mean squared error
(MSE), peak SNR (PSNR), structural similarity index measure (SSIM)*,
multi-scale SSIM (MS-SSIM)**, universal quality index (UQI)** and visual
information fidelity (VIF)**. MSE measures the voxel-by-voxel difference
betweenthereference and degraded images, while PSNR represents a
measure of the peak error and is derived from MSE. SSIM quantifies the
similarity in luminance, contrast and structural content of the reference
and degraded images. MS-SSIM extends SSIM by computing it across
multiple scales. UQI models any image distortion as acombination of
three factors: loss of correlation, luminance distortion and contrast
distortion. VIF evaluates the information shared between the reference
and degraded images by exploring the connections between image
information and visual quality. This metric demonstrates a higher
correlation with radiologists’ assessments of MR image quality com-
pared with other metrics*. Except for MSE, where lower valuesindicate
better performance, higher values in the remaining metrics reflect
superior image quality. Default parameters were used to compute all
six metrics in this study.

Forinvivoimages, evaluatingimage quality is challenging due to
the absence of ground truth artefact-free references. To address this,
a commonly used metric is the tissue contrast t-score (TCT)*¢, which
isdefined as

et = JHwm = Hgml (1)
5 2
Oom + Oy

where (piym, 02,,) and (Hgm, oém) are the means and variances of white
matter (WM) and grey matter (GM) intensities, respectively. TCT meas-
uresthe contrast between WM and GM, as well as the intensity variation
within each tissue. It is assumed that, after image enhancement, TCT
shouldincrease as the contrast between GM and WM increases and the
intensity variation within each tissue decreases. By tracking TCT values,
we can assess whether image quality has beenimproved after enhance-
ment. In this work, we employed the Infant Brain Extraction and Anal-
ysis Toolbox (iBEAT V2.0)* to extract WM and GM for TCT calculation.

Motion correction and super resolution on24-month-old images
Inthis experiment, we first performed acomprehensive comparison of
our BME-X model against four competing methods on 24-month-old
testing images. We have specifically chosen this age group because
scans of young children often have substantial artefacts caused by
their high activity level and difficulty in remaining still throughout the
entirescan®”. The testing datainclude bothin vivo images withartefacts
and low resolutions, and 180 synthesized corrupted images sourced
from the BCP dataset®. Further information on the generation of these
180 images can be found in ‘Testing dataset’ section in Methods.

Performance comparison on in vivo images. Figure 2 shows a visual
comparison of the enhanced results for in vivo corrupted images
(acquired at 24 months old), with varying degrees of motion arte-
facts, and low-resolution images from our in-house collection. Our
BME-X model was compared against four competing methods. The
first three rows demonstrated that our method effectively removed

all degrees of motion artefacts and enhanced tissue contrast, with-
out introducing new artefacts. In contrast, the competing methods
either failed to completely remove the artefacts or introduced new
artefacts. Thelast two rows of Fig. 2 show an example of low-resolution
images (1.0 x 1.0 x 3.0 mm?), and the corresponding enhanced results
(0.8 0.8 x 0.8 mm?) obtained by different methods. The zoomed-in
viewsreveal that the BME-X model can effectively restore tissue struc-
ture details and substantially improve image quality compared with
the four competing methods.

Performance comparison on synthesized images. To evaluate
the effectiveness of our BME-X model, we conducted a quantitative
analysis on 180 synthesized corrupted images with simulated minor,
moderate and severe motion artefacts, as well as varying resolutions.
A representative set of corrupted images is shown in the first row of
Fig. 3a. We used six metrics, MSE, PSNR, SSIM, MS-SSIM, UQI and VIF,
to evaluate the performance. The quantitative results are reported in
Fig.3b, along with the statistical significance between our method and
each competing method.

Our analysis revealed that none of the competing methods could
completely remove the motion artefacts in the synthesized corrupted
images, asshownin the first five rows of Fig. 3a. Moreover, we observed
that the performance of the competing methods deteriorated consid-
erably when dealing with severe motion artefacts and low resolutions.
For instance, while Pix2Pix appeared to be more effective in removing
artefacts than other competing methods based on qualitative inspec-
tion, motions and fuzziness were still present in its results, as seen in
the third row. As an ablation study, we trained DU-Net with the same
settings as our proposed framework but without the tissue classifica-
tionmodule. Theresults showed that DU-Net could only remove minor
motion artefacts at the expense of producing blurred images. On the
other hand, BME-X demonstrated superior performance in removing
motion artefacts and increasingimage resolution, resulting in sharper
and clearer enhanced results in the last row of Fig. 3a. The ablation
comparison with DU-Net clearly highlighted the importance of the
tissue classification module in enhancing image quality.

Inaddition to qualitative analysis, BME-X outperformed the com-
peting methods in all six evaluation metrics for all cases, as shown in
Fig. 3b. The differences between our method and each competing
method were statistically significant with P < 0.001. These results
demonstrated the effectiveness and robustness of our foundation
modelin enhancing image quality and removing motion artefacts.

Performance on 1,908 synthesized lifespanimages
Todemonstrate the robustness and effectiveness of the BME-X model
inremoving artefacts, we conducted extensive validation on a larger
and more diverse dataset consisting of 1,908 images from five differ-
ent datasets. The images were acquired with different scanners and
age ranges, covering individuals from 6 months to 86 years of age, as
detailed in Fig. 4a. Specifically, 883 images were scanned with Siemens
scanners, 249 with GE scanners and 776 with Philips scanners. To evalu-
ate the motion correction performance of each method, severe motion
artefacts were intentionally added to all testing data. However, as the
DUNCAN model did notinclude 6-month-old images as training data,
we excluded it from the comparison on this age group.

Figure 4b shows a visual comparison of the corrected results on
sevenrepresentative images. The results showed that BME-X effectively
removed motion artefacts and enhanced image quality, while the
competing methods still suffered from residual artefacts, with blurred
boundaries and other issues. Furthermore, we calculated six metrics,
MSE, PSNR, SSIM, MS-SSIM, UQI and VIF, to quantitatively evaluate
the performance on1,908 images. Theresults areshowninFig.4cand
demonstrate that BME-X outperformed each of the competing meth-
ods, withlower MSE scores and higher PSNR, SSIM, MS-SSIM, UQl and
VIF scores (P < 0.001).
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Fig.3|Enhanced results for 180 synthesized corrupted T1w images from BCP
at24 months old, generated by four competing methods and the foundation
model. a, A visual comparison for enhanced results. The first row shows an
exemplary TIw MRIs with different levels of simulated artefacts, at the original
resolution (thatis, 0.8 x 0.8 x 0.8 mm?®) and lower resolutions. From the second
row to the last row, the enhanced images are generated by four competing
methods and the BME-X model. The corresponding ground truthis in the

right top corner for reference. b, Quantitative comparison on 180 synthesized
corrupted images using various image quality metrics (**P < 0.001, two-sided
t-test, n =20). The exact measurement values and corresponding Pvalues are
provided as Source data. In each box plot, the midline represents the median
value, and its lower and upper edges represent the first and third quartiles. The
whiskers go down to the smallest value and up to the largest.
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Fig. 4| Enhanced results on 1,908 synthesized corrupted images from five
datasets. a, Age distribution histograms and the corresponding distributions
ofthree imaging scanners. b, A visual comparison of the enhanced results. Note
that DUNCAN is not used to test the NDAR data at 6 months old since it did not
include 6-month-old images as training data. ¢, A quantitative comparison of
the enhanced results (**P < 0.001, two-sided t-test, nasindicated in the figures;

m, month; y, year). The exact measurement values and corresponding Pvalues
are provided as Source data. In each box plot, the midline represents the median
value, and its lower and upper edges represent the first and third quartiles. The
whiskers are drawn down to the 5th percentile and up to the 95th. Points below
and above the whiskers are drawn as individual points.
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To evaluate the performance of BME-X in terms of different scan-
ners, we compared the quantitative evaluations of the enhanced
results for each scanner type at approximately the same age range
(15-90 years), as shown in Supplementary Fig. 1. The Siemens scans
included 494 images from Southwest University Adult Lifespan Dataset
(SALD)*® dataset, the GE scans consisted of 249 images from Chinese
Color Nest Project (CCNP)**°and Information eXtraction from Images
(IXI, http://brain-development.org/ixi-dataset/) datasets, and the
Philips scans contained 776 images from Dallas Lifespan Brain Study
(DLBS)*'and IXI datasets. The comparison showed that BME-X achieved
consistently better results than the competing methods on each of the
three scanner types, with statistically significant differences (P < 0.001)
for all six metrics. Moreover, BME-X achieved relatively consistent
performance across scanners. These results highlighted the robustness
and effectiveness of BME-X in removing motion artefacts and enhanc-
ingimage quality, regardless of scanner type and participant age.

Performance on 10,963 in vivo images, foetal to adulthood

In addition to validating the BME-X model on synthesized data, we
conducted further validation on 10,963 in vivo lifespan images from
19 datasets, aslisted in Supplementary Table 1. Figure 5a shows the age
distribution of the 10,963 testing images. These images were acquired
using various scanners (Siemens, GE and Philips) and spanned ages
from foetuses through to the elderly. Figure 5b—d shows results on
representative lifespan images: (1) foetuses from 21 to 36 gestational
weeks, (2) infants at 0, 3, 6, 9,12 and 18 months old and (3) images
frombirthtolate childhood, young adulthood, middle adulthood and
late adulthood.

Mid-late foetuses. Figure 5b shows in vivo T2-weighted (T2w) foetal
images from nine participants. These images are visibly affected by
substantial amounts of motion, blurring and noise. Moreover, insome
areas, severe artefacts render the thin GM layer nearly invisible. None-
theless, BME-X effectively removed most of the artefacts, resulting in
enhanced images that are much sharper visually. In addition, the thin
GM layer was restored to a reasonable extent. This improvement is
particularly noticeable in the second pair of corrupted and enhanced
imagesin the sagittal view.

Infants from newborn to 18 months old. In Fig. 5¢, we show in vivo
low-resolution T1-weighted (T1w) images (1.0 x 1.0 x 3.0 mm?) and their
corresponding enhanced results (0.8 x 0.8 x 0.8 mm?®) at various ages
(0,3, 6,9,12 and 18 months old), from our in-house collection. These
images exhibit visible artefacts from the sagittal and coronal views,
probably due to their large through-plane thickness. However, by
using our foundation model, we successfully restored detailed tissue
structures with a high isotropic resolution, especially for sagittal and
coronal views. Forinstance, acomparison between the corrupted and
enhancedimages at18 months clearly highlighted that BME-X yielded
sharper and clearer visual appearances, with cerebrospinal fluid (CSF),
GM and WM tissue boundaries being distinctly visible.

Lifespan images from newborn to late adulthood. Figure 5d shows
in vivo randomly selected lifespan images from various datasets,
including Developing Human Connectome Project (dHCP)****, National
Database for Autism Research (NDAR)**, Healthy Brain Network (HBN)*>,
SALD, Human Connectome Projects (HCP)*°, Open Access Series of
Imaging Studies 3 (OASIS3)”, IXI, DLBS and Alzheimer’s Disease Neuro-
imaging Initiative (ADNI)*®, acquired using mixed scanners. Although
mostimages exhibit relatively good quality, motion artefacts and imag-
ing noise remain evident, particularly in infants at 12 and 24 months
andinelderly participants, dueto theinherent challengesinacquiring
datafromthese age groups. However, the BME-X model achieved sub-
stantialimprovementsinimage quality, offering better tissue contrast
and clearer visuals. These enhancements were particularly notable

for infant participants at 12 and 24 months and elderly participants,
providing improved visualization and interpretation of critical ana-
tomical features.

As there are no ground truth reference images for the in vivo
images, conventional reference-based metrics such as MSE, PSNR,
SSIM, MS-SSIM, UQl and VIF cannot be used for quantitative evaluation.
Alternatively, we used the TCT metric*®, which measures the contrast
between WM and GM and the intensity variation within each tissue.
Higher TCT metric values indicate an improvement in image quality.
Figure 5e shows the TCT values before and after enhancement for
each of the 10,963 in vivo testing images. The results demonstrated a
substantialimprovement inimage quality (two-sided ¢-test, P < 0.001)
afterenhancement, with higher TCT values. It isimportant to note that
the TCT values for testing images taken before 24 months tended tobe
lower than those of images taken after 24 months. Thisis due to the fact
that, during this period (especially between 3 and 9 months old), the
intensity distributions of voxels in GM and WM largely overlap due to
ongoing myelinationand maturation, leading to lower tissue contrast
compared to adult brain images*’. Overall, this extensive validation
on alarge and diverse in vivo dataset underscores the efficacy of the
proposed work in improving the quality of lifespan imaging datasets
acquired from mixed scanners.

Ablation study
Notably, the comparisons between the DU-Net model and the BME-X
modelinFigs.2-4 and Supplementary Fig. 1 constituted ablation stud-
iesthatinvestigated theimportance of the tissue classificationmodule
inenhancingimage quality. The ablation results clearly demonstrated
that BME-X outperformed DU-Net both qualitatively and quantitatively.
In addition, we augmented the parameters of DU-Net to match
the parameter count of BME-X (DU-Net-1) and increased it by
1.5 times (DU-Net-1.5), as detailed in Supplementary Note 1. Despite
theincreased parameters, the ablation comparison compellingly dem-
onstrated that the proposed tissue-aware enhancement framework
achieved superior performance, providing conclusive evidence for the
substantial contribution of the embedded tissue classification module
to enhancing image quality.

Robustness quantification

We examined BME-X'’s capability to handle different levels of arte-
fact severity. To accomplish this, we applied our approach to 380
artefact-corrupted images that were artificially degraded from
artefact-free images (the same images used in ‘Motion correction
and super resolution on 24-month-old images’ section) with varying
degrees of motion (Supplementary Fig. 2a), downsampling (Supple-
mentary Fig. 2b), additive Gaussian noise and Rician noise (Supple-
mentary Fig. 2¢) and smoothing (Supplementary Fig. 2d). The visual
comparisons of the enhanced results are shownin the left part of Sup-
plementary Fig. 2, while the corresponding quantitative evaluations
are presentedin theright part. We used six metrics (that is, MSE, PSNR,
SSIM, MS-SSIM, UQI and VIF) to measure performance.

Motion correction. Supplementary Fig. 2a shows three levels of
motion-corrupted images (generated by an image-based
motion-simulation approach using the software®): severe (random
strength of motion amplitude amp = 3, frequency hz = 0.42 x TR,
where TRis therepeatingtime), severe* (amp = 4, hz = 0.48 x TR)and
severe™ (amp = 5, hz = 0.54 x TR). From visual inspection, it was
evident that BME-X effectively handled the severe case and achieved a
satisfactory result for the severe’ case. However, for the severe™ case,
BME-X generated anatomically incorrect tissues, as indicated by the
orange arrows. Quantitative evaluations also demonstrated a decline
inthemodel’s performance as motion artefactseverity increased. These
results suggested that, while BME-X was effective at mitigating motion
artefactsin mostscenarios, the severe™ artefacts remained challenging.
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early childhood: low-resolution TIw images (1.0 x 1.0 x 3.0 mm?®) and the
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Thisindicated the need for furtherimprovements, potentially through
moreadvanced deep learning models or the incorporation of additional
prior anatomical knowledge, to handle such extreme cases.

Super resolution. Although the BME-X model was not specifically
designed for super-resolution tasks, we have found that it was capable
of reconstructing low-resolution images to higher resolutions.

Inthis experiment, we downsampled 20 24-month-oldimages from
0.8 x 0.8 x 0.8 mm?® to lower resolutions (that is, 2.4 x 0.8 x 0.8 mm?,
3.2x0.8x0.8mm? 4.0 x 0.8 x 0.8 mm?and 4.8 x 0.8 x 0.8 mm?), as
shown in the first row of Supplementary Fig. 2b. We compared it with
a state-of-the-art super-resolution algorithm, NLUP*°, which uses
data-adaptive patch-based regularization in combination with a sub-
sampling coherence constraint. Visual comparisonin Supplementary
Fig.2b showed that the results of NLUP lacked consistent CSF structures
compared with the ground truth, while BME-X generated more reason-
able results. However, both NLUP and BME-X generated anatomically
incorrecttissues whenreconstructing ultralow-resolutionimages, such
as 4.8 x 0.8 x 0.8 mm?, due to the limited information provided from
the input. This is demonstrated in the last column of Supplementary
Fig. 2b, where areas marked by orange arrows represent WM tissues,
while the region indicated by blue arrows is a connected gyrus. We
calculated quantitative evaluations using six metrics, and the results
showed that both methods were sensitive to resolution. However,
BME-X substantially outperformed NLUP.

Denoising. Noise isacommonartefact duringimage acquisition, which
is usually modelled by Rician distribution in magnitude MR images®,
making denoising a crucial task in image processing systems. Specifi-
cally, inthe foreground regions where the SNRis high enough, the Rician
noise can be approximated by a Gaussian distribution®’. Nevertheless,
to demonstrate the denoising performance of BME-X, we synthesized
corrupted images with simulated Gaussian and Rician noise, respec-
tively. Asshownin Supplementary Fig. 2c, fromleft to right, the columns
show corrupted images affected by increasing amounts of noise. The
second (fifth) and third (sixth) rows depict the corresponding denoised
images generated by DUNCAN’ and BME-X, respectively. For images
corrupted by Gaussian noises, DUNCAN can handle images with minor
to moderate noise levels (standard deviation 0 = 0.01, 0 = 0.03 and
0 =0.05), while BME-X produced clearer and sharper results with better
evaluation scores (P < 0.001). However, when denoising images with
heavy Gaussian noise (o = 0.08), neither method can produce satisfac-
toryresults. Forimages corrupted by Rician noises, compared with the
competing method, BME-X consistently generated better results, as
well as notably better quantitative results (P < 0.001).

Contrastimprovement. In Supplementary Fig. 2d, weinvestigated the
capability of BME-X in enhancing tissue contrast. To accomplish this,
we first applied Gaussian filters with varying o to smooth the images
andthentested the smoothed images with both DUNCAN and BME-X.
Theresultsin Supplementary Fig. 2d demonstrate that BME-X outper-
formed DUNCAN in enhancing tissue contrast, even for images with
ultralow contrast (thatis, 0 =1.2). The enhanced images by BME-X are
sharper and clearer than those produced by DUNCAN, whichsstill suffer
from blurring and incorrect anatomy, as indicated by the orange
arrows. Furthermore, BME-X achieved notably better quantitative
evaluations, with P< 0.001.

Bias quantification during reconstruction

In the above experiments, we demonstrated that BME-X exhibited a
supreme ability to remove artefacts and improve image quality for both
synthesized images and in vivoimages, covering abroad age range from
foetusesto elderly individuals. In this subsection, we further validated
whether potential bias was introduced during the reconstruction, espe-
ciallywhenwe applied BME-X trained with data at 24+ months of age to

adultimages. Therefore, we compared brain characteristics, such asthe
tissue volumes and mean cortical thickness, from motion-free images
and the enhanced images by BME-X and the four competing methods.
Tissue volumes (WM, GM, CSF, ventricle and hippocampus) and mean
cortical thickness were extracted by iBEAT V2.0". Our hypothesis posits
that, ifthe enhanced images closely resemble real images, characteri-
zations such as volumes and thickness derived from enhanced images
and original motion-free images should align.

To evaluate this, we used 420 in vivo images from the movement-
related artefacts (MR-ART)® dataset, which includes both motion-
free and motion-corrupted dataacquired from the same participants,
covering the adult lifespan (18-75 years old). We first validated the
performanceinartefact removal, asshowninFig. 6a. The first column
shows slight head motion (head motion 1, HM1) images, while the
seventh column displays the paired images with more excessive head
motion (head motion 2, HM2). Notably, for both HM1and HM2, BME-X
consistently outperformed competing methods in eliminating real
artefacts while preserving anatomical details. To further scrutinize
potential bias during reconstruction, we compared tissue volumes
and mean cortical thickness for motion-free images (STAND) and
enhanced images from motion-affected data (HM1 and HM2). Tis-
sue volumes (WM, GM, CSF, ventricle and hippocampus) and mean
cortical thickness are shown in Fig. 6b, along with the corresponding
differences between the results on STAND and enhanced images. In
addition, Cohen’s d was employed to validate statistical differences
between the results for STAND and enhanced images, as outlined in
Supplementary Table 2.

As shown in Fig. 6b, the analysis revealed that enhanced images
produced by DUNCAN, Pix2Pix and CycleGAN tended to underseg-
ment WM and oversegment the remaining tissues (GM, CSF, ventricle
and hippocampus). Supplementary Table 2 further confirms that
most tissue volumes exhibited medium or large effect sizes compared
with STAND (Cohen’s d > 0.4), indicating that these three competing
methods tended to introduce bias during the enhancement process.
Conversely, the enhanced results obtained from DU-Net and BME-X
consistently generated tissue volumes (WM, GM, CSF and ventricle
tissues) in line with STAND, as indicated by volume differences close
tozero (Fig. 6b). However, DU-Net tended to cause oversegmentation
of the hippocampus, while BME-X consistently produced the most
congruent results with STAND.

Furthermore, the detailed statistical analysis presented in Sup-
plementary Table 2 underscores that BME-X demonstrated greater
consistency with STAND results. Most Cohen’s d values for the BME-X
model were consistently smaller than those of all competing methods.
Moreover, there was no significant effect size for tissue volumes of
BME-X (Cohen’s d < 0.2 for WM, GM, CSF and ventricle on HM1 and
HM2 images, and hippocampus on HM1 images). Regarding mean
cortical thickness, BME-X achieved consistency with STAND images,
revealing no effect size in the enhanced results of HM1images (Cohen’s
d=0.0441) and small effect size for HM2 images (Cohen’s d = 0.3037).
Conversely, all competing methods exhibited substantial bias, with
medium or large effect sizes.

We further investigated whether the effect size between Alzhei-
mer’s disease (AD) and normal cognition (NC) was preserved after
reconstructionin Supplementary Note 2. We compared the volumes of
severalregions of interest (ROIs) related to AD, including the amygdala,
hippocampus, thalamus, putamen, caudate and lateral ventricle, using
400+images at baseline (aged between 70 and 85 years old) from the
ADNI dataset. Supplementary Table 3 indicates that, after reconstruc-
tion, the effect size between AD and NC was preserved for the lateral
ventricle and even increased for the amygdala, hippocampus, thala-
mus, putamen and caudate. In conclusion, the BME-X model exhibited
superior performance in effectively removing real artefacts while
consistently preserving essential tissue characteristics throughout
the reconstruction process.
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Fig. 6| Enhancement results and the bias quantification for 280 in vivo
corrupted T1lw images from the MR-ART dataset, generated by competing
methods and the BME-X model. a, A visual comparison of the enhanced results.
The first and the seventh columns show in vivo corrupted images with two levels
of real artefacts (thatis, HM1and HM2) acquired from the same participant. The
remaining columns show the enhanced results generated by four competing
methods and the BME-X model. b, A quantitative comparison on 280 in vivo

corrupted images using tissue volumes (that is, WM, GM, CSF, ventricle and
hippocampus), mean cortical thickness and the corresponding difference

compared with STAND. In each box plot, the midline represents the median value,
and its lower and upper edges represent the first and third quartiles. The whiskers
go down to the smallest value and up to the largest. The dotted line represents the
mean value or azero value. The exact measurement values are provided as Source
data. The corresponding effect sizes are listed in Supplementary Table 2.
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(thatis, greyscale and Jet) of the corrupted and enhanced images are shown for a
better visual comparison. To evaluate whether 7-T-like images could lead to more
accurate tissue segmentations, we employed FAST to automatically perform
tissue segmentations from the original 3 T and reconstructed 7-T-like images.

Application on reconstruction 7-T-like images from 3 T MRIs
High-field MRI systems like 7 T are known to yield images with supe-
rior spatial resolution and SNRs compared with lower-field strengths
suchas3 T, enabling more precise visualization of small structures and
subtle pathologies. However, they are limited by their higher costs and
longer acquisition times®*. In ‘Motion correction and super resolution
on 24-month-old images’ and ‘Robustness quantification’ sections,
we have presented evidence demonstrating the efficacy of the BME-X
model in reconstructing high-resolution images (that is, 3 T images)
fromlow-resolutioninputs. Furthermore, we were motivated to apply
the BME-X framework to estimate high-field-like (7-T-like) images from
3 T MRIs, given the advantages of high-field MRIs in providing high
contrast and resolution toradiologists®. To achieve this, we trained an
ultrasuper-resolution model using the proposed framework, using a set
oftrainingimages from 28 participants acquired by a7 T Siemens scan-
ner (TR/TE =5,000/2.45 ms, where TRistherepeating timeand TEisthe
echotime) with avoxel resolution of 0.4 x 0.4 x 0.4 mm?®and amean age
0f25.9 + 3.8 years®’. We generated paired low- and high-quality train-
ing samples by degrading the 7 Timages, similar to ‘Simulated paired
low- and high-quality images’ section in Methods, and automatically
generated the corresponding classification labels using iBEAT V2.0".
We used the proposed ultrasuper-resolution model to reconstruct
images from 0.8 x 0.8 x 0.8 mm®to 0.4 x 0.4 x 0.4 mm?, as shown in
Fig.7. Toevaluate whether 7-T-like images facilitate more precise down-
stream tasks such as tissue segmentation compared with 3 T images,
we randomly selected 3 T testing images from BCP** and employed
the Functional Magnetic Resonance Imaging of the Brain (FMRIB)’s
Automated Segmentation Tool (FAST)® to automatically perform
tissue segmentation from the original 3 T and reconstructed 7-T-like
images. Please note that the labels generated by FAST do not serve as
ground truth, but as indirect evidence of image quality. Two repre-
sentativeimages are showninFig.7.It canbe seenthat the original 3 T
images (0.8 x 0.8 x 0.8 mm?®) have blurred tissue boundaries, asseenin
the zoomed views. Due to the limited voxel resolution, the CSF voxels
are discontinuously buried in the deep GM, making it challenging to
perform tissue segmentation, as also reflected in the Jet colormaps
and segmentation maps. By contrast, after reconstruction, the 7-T-like

images exhibit a much clearer appearance with fine-grained tissue
structures, and the corresponding tissue segmentations are more
accurate than those from 3 Timages, as determined by visual inspec-
tion. In particular, these deeply buried CSF voxels could be precisely
delineated from the 7-T-like images. Overall, these findings demon-
strate the efficacy of BME-X in reconstructing high-field like images,
thereby enabling more accurate tissue segmentation and improving
the diagnostic performance.

Application on pathological brain MRIs with lesions or
gliomas

Most results presented above were derived from typically develop-
ing brain MRIs. In this subsection, we validated the effectiveness of
BME-X in removing artefacts from pathological MR images with dif-
ferent brain conditions. thatis, MS and gliomas. Figure 8a shows nine
exemplary Tlwimages with MSlesions, randomly selected from ref. 68.
Theselesions are typically small and appear as areas of hypointensity,
appearing darker than the surrounding normal WM. Expert identifi-
cation of brain lesions is denoted by red arrows for visualization pur-
poses. Figure 8b shows three T1w brainimages with gliomas, randomly
chosen from ref. 69. In these images, glioma regions are larger and
exhibit a darker appearance compared with WM or GM. Figure 8cillus-
trates post-contrast Tlw images with gliomas randomly chosen from
ref. 70, where the glioma boundaries exhibit bright contrast compared
with WM or GM.

As shown in Fig. 8a, we synthesized the corrupted images with
artefacts (that is, minor, moderate and severe) presented in the first,
third and fifth rows. BME-X not only generated images with a clean
and sharp appearance butalso preserved small MS areas, asindicated
by red arrows. Similarly, for large gliomas in Tlw images (Fig. 8b) and
post-contrast Tiwimages (Fig. 8c), BME-X effectively removed motion
artefacts while retaining gliomas components, despite being trained
exclusively with typically developing images. This finding suggested
that the BME-X model could be applied to a broader range of brain
images, including those with abnormalities. However, it is important
to note that we assume the brain consists of WM, GM and CSF, and
therefore, the lesions and gliomas were classified as one or mixed tissue
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Fig. 8| Enhanced results for the abnormal brainimages with different brain conditions. a, TIw images were synthesized with simulated artefacts featuring
MS lesions from nine participants. b, In vivo Tlw brain images with gliomas. ¢, Post-contrast T1w brain images with gliomas. The lesions and gliomas are denoted
byred arrows.
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categories. To mitigate this issue, we plan to provide one additional
label for the abnormal regions in the tissue classification module. This
adjustment would enable the model to classify the lesions and gliomas
asaseparate class, thereby further enhancingimage quality. In Supple-
mentary Note 3, we further present a proof of concept demonstrating
that incorporating an auxiliary lesion label enhances performance in
preserving lesions.

Application on harmonization across scanners

The diversity in MRI acquisition protocols, encompassing variations
inscanner types, magnetic field strengths and pulse sequences, intro-
duces considerable disparities inimage contrast and appearance. In
Supplementary Fig. 3, the left section (blue) vividly portrays in vivo
images acquired with Siemens, GE and Philips scanners using 1.5 T
and 3 T field strengths, each displaying distinct imaging parameters.
Clearly, the varying MRI scanner types and imaging parameters con-
tribute to dynamic intensity histograms across scanners, emphasizing
the challenges associated with harmonization. However, in the right
section (orange) of the figure, the corresponding enhanced images
produced by BME-X display more consistent contrast and appearance
across different scanners. Thisimprovementis evidentin the resulting
histogram distributions, which exhibit substantially enhanced uniform-
ity. Theseresults highlighted the capability of BME-X in mitigating the
disparities introduced by diverse acquisition protocols. These find-
ings strongly suggested that our proposed framework can not only
effectively enhance images but also serve asavaluable harmonization
technique across different MRIscanners, despite not being specifically
designed for the harmonization task. By providing more consistent
image characteristics, BME-X contributes to addressing the challenges
posed by scanner variability in multi-centre studies and clinical set-
tings. One compelling advantage of our harmonization s that it maps
all scans, regardless of scanners or sites, to the same common space.
In contrast, existing harmonization methods often require the assign-
ment of a reference site”’, which may introduce site bias.

Downstream tasks

Our enhanced results hold substantial potential for various down-
stream tasks, including tissue segmentation, registration, parcellation
and diagnosis. Inthe following, we will briefly introduce the results for
each downstream task. For more details, please refer to Supplementary
Notes 4-6.

Subcortical ROl segmentation. In this study, we first demonstrated
the advantage of BME-X for subcortical ROl segmentation, including
the thalamus, caudate, putamen, pallidus, hippocampus and amygdala,
on 6-month-old infants from the BCP dataset. MRIs of 6-month-old
infants present the most challenging labelling tasks among lifespan
MRIs owing to the extremely low tissue contrast and also motion
artefacts. As shown in Supplementary Fig. 6, the subcortical labels
on the enhanced images are substantially better than those without
enhancement.

Tissue segmentation. To evaluate the effectiveness of BME-X for the
tissue segmentation task, we used synthetically corrupted images and
applied the FAST® segmentation tool to both corrupted and enhanced
images, with artefact-freeimages serving as the ground truth. Asshown
in Supplementary Fig. 7, the results demonstrated notable improve-
ments in FAST segmentation accuracy on the enhanced images com-
pared with those without enhancement, highlighting the efficacy
of BME-X.

Furthermore, the BME-X model can facilitate end-to-end tissue
segmentation by integrating existing architectures such as DU-Net*”
into the final layer of our framework, comprising the BME-X and seg-
mentation modules (referred to as BME-S). As shown in Supplementary
Fig. 7, BME-S demonstrated performance superior to that of a single

segmentation model (DU-Net) for corrupted images, with higher Dice
ratios and robustness to artefacts. Furthermore, BME-X substantially
improved tissue segmentation onchallenging isointense infantimages,
as shown in Supplementary Fig. 8. Enhanced images led to substan-
tially improved segmentations compared with the original images,
underscoring the effectiveness of our approach across various imag-
ing scenarios.

Registration. To validate whether our enhancement canimprove regis-
tration, we randomly selected 30 unique pairs of Tlwimages at baseline
from the ADNI dataset. Each image underwent manual labelling to
assess registration accuracy using the Dice ratio. To mimic real-world
scenarios, we added varying motion artefacts as in ‘Testing dataset’
section in Methods and Rician noise to each image. Subsequently,
within each pair, the two corrupted images were registered using the
Demon’s algorithm’, and the resulting warped labels were employed
to calculate the Dice ratio. Similarly, within each pair, we used BME-X
enhanced images derived from the corrupted ones for paired registra-
tion. Theregistration performance, measuredinterms of the Diceratio,
ispresentedin Supplementary Table 4. It demonstrates superior results
for enhanced images, validating that BME-X enables more accurate
registration. The statistical significanceis evident with P <0.0001and
Cohen’sd > 1.0, indicating a highly substantialimprovement.

Diagnosis. We extended our study to the diagnostic downstream task
by using high-quality enhanced images in Supplementary Note 6. To
illustrate the benefits of enhanced images, we trained a diagnostic
model based on enhanced images, and compared it with a diagnos-
tic model trained on the original images without enhancement. The
resultsin Supplementary Table 5 demonstrate that, after enhancement,
diagnostic accuracy improved substantially, along with sensitivity,
specificity and F1score.

Outlook

BME-X has shown outstanding performance in various tasks. How-
ever, there are several limitations and aspects to consider for future
work. First, we plan to apply the foundation model to perform
super-resolution reconstruction on ultralow-field images, such as
scans with the Hyperfine machine”. This will help to make the foun-
dation model more widely applicable. Second, our 24+ month model
was trained only with typically developing infant participants aged
24+ months. Validation results on adult images (the MR-ART dataset
in ‘Bias quantification during reconstruction’ section, the effect size
between AD and NCin Supplementary Note 2 and the diagnostic taskin
Supplementary Note 6) have demonstrated the 24+ model’simpressive
generalization capability for adult brain scans. While promising, we
acknowledge the potential bias for very older brains with substantial
atrophy, asour training data are all from typically developing infants.
To address this issue, we plan to train an ageing-dedicated model by
exclusively including older brains with substantial atrophy as training
data.Itis straightforward toimplement and will help mitigate the bias,
enhancing its applicability to ageing populations. Third, the current
implementation focused on only three major brain tissues: CSF, GM
and WM. We willinclude more tissues and diseased regions as auxiliary
labelsin future work to address more complex medical scenarios and
make the foundation model more valuable for clinical use. As a proof
of concept, we have included lesions as an auxiliary label and trained
areconstruction model following the same framework as shown in
Fig. 1. The comparison results without and with the auxiliary infor-
mation are shown in Supplementary Fig. 5, demonstrating that small
lesions are well preserved with auxiliary information. Fourth, BME-X
wastrained only on T1w/T2w images, which could limit its application
range. Inspired by SynthSeg’ and SynthSR*, which can handle images
withany contrast, we plan to enhance our approach by augmenting the
training data through the synthesis of intensity images with different
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modalities. Overall, we believe that addressing these limitations will
substantially improve the performance and applicability of the BME-X
model.

Methods

To reconstruct high-quality images, the conventional strategy is to
learn a mapping function f between a low-quality image / and a cor-
responding high-quality image /°, that s, f: / — I°. For each voxel in
the low-quality image, itsintensity can be mapped to any intensity value
in the high-quality image. Conversely, each voxel in the high-quality
image can also be mapped to any intensity value in the low-quality
image. This results in acomplex many-to-many mapping, with acom-
putational complexity of approximately O(m x n)for each voxel, where
[0, m]and [0, n] are the intensity ranges of / and /°, respectively. In this
study, the BME-X model simplifies the complicated many-to-many
reconstruction problem as two manageable tasks with notably lower
time complexity: atissue classification task and a tissue-aware enhance-
ment task. Specifically, our foundation model first learns a tissue
classification map L. from /, thatis, f; : I - L., where cis the number
of tissues, then learns an enhancement mapping f, : L. — I°, witha
total complexity of approximately O(m + n).Since O(m + n) < O(m x n),
the proposed strategy is much easier to learnan optimal solution than
the conventional way. AsshowninFig. 1, the tissue classification mod-
ule is trained to predict the tissue labels from low-quality images.
Then, with guidance from the tissue labels, the tissue-aware enhance-
ment module will be trained to estimate high-quality images from
low-quality images.

Classification model

Numerous network architectures are suitable for this classification
task, such as U-Net”, densely connected convolutional network
(DenseNet)”, DU-Net”, nnU-Net”” and Transformer’®, For this study,
we selected the DU-Net architecture as our backbone classification
model. The DU-Net architecture consists of anencoder and adecoder,
aswell as skip connections. Starting ata convolution layer (Conv), the
encoder goes through three groups: dense block + Conv + batch nor-
malization (BN) + rectified linear unit (ReLu), followed by a dense block
to connect the encoder and decoder, and finally the decoder consists
of three Deconv + BN +ReLu + dense block. At the end of the network,
a Conv automatically generates class probabilities for each voxel. We
use a cross-entropy loss L, to evaluate errors between the predicted
tissue class probability and the expected class, defined as

N ¢
L= -1 Y X OIng ), @

i=1j=1

where x ; (i) denotes the predicted tissue probability belonging to the

Jthclass for the voxel i, X; (i) is the corresponding ground truth tissue
probability, cis the number of classes categories and N is the number
voxels. Importantly, the tissue classification maps for both training
and testing data are automatically predicted by the proposed classifica-
tion model, rather than by iBEAT V2.0.

Enhancement model

The main contribution of thiswork liesinthe integration of automated
tissue classification withimage enhancement, which provides a power-
ful framework forimproving image quality. Specifically, the automated
classification output from the classification module is concatenated
withthelow-quality inputimages to formajointinput for the enhance-
ment module. This allows the model to exploit the tissue information
to guide the enhancement process, resulting in high-quality images.
To ensure the compatibility of the concatenated data, we apply a
Conv + BN + ReLu block to pre-process both the tissue classification
and intensity image data. The block facilitates feature extraction and
transformation, which enhances the performance of the downstream

enhancement model. To simplify the design and maintain consistency
with the tissue classification network, we use the DU-Net* architecture
asthebackbone of the enhancement model. At the end of the network,
aConvlayeris used togenerate the high-quality image output. We use
aMSEloss L,to calculate errors between predicted high-quality images
and the corresponding ground truth high-quality images, defined as

N
=52 (YO -0, @)
i=1

where y(i)is the predicted intensity for the voxel i and y (i) is the cor-
responding ground truth intensity.

Simulated paired low- and high-quality images

To train the BME-X model in a supervised manner, paired low- and
high-quality images are required. However, acquiring such paired
images canbe challenging and costly. Oneissueis that, evenifa partici-
pant undergoes two scans withinashort session, one being motion-free
and the other motion-corrupted, there may still be intensity differ-
ences between the scans unrelated to the artefacts®. In addition,
establishing voxel-to-voxel correspondence between motion-free and
motion-corrupted images is difficult’. To address these challenges, we
propose analternative strategy in which simulated artefacts are added
toreal artefact-free MRIs. This allows us to use the artefact-corrupted
and artefact-free MRIs as paired low- and high-quality images.
By employing this strategy, we can jointly train the classification and
enhancement modules, using the low-quality images asinputs and the
corresponding tissue labels and high-quality images as the two targets.
Furthermore, this strategy enables the generation of diverse artefact
patterns, improving the framework’s robustness to various types of
image corruption.

To achieve this, we employed animage-based motion-simulation
approachusing asoftware®. Several sequence parameters are required
to simulate realistic motion, such as the sampling trajectory,
phase-encodingdirection, TR, TE, total scan time and image resolution.
Forexample, when simulating artefacts for BCP data®’, we used specific
parameters, including phase-encoding direction (anterior-posterior),
TR2,400 ms, TE2.2 ms,image resolution 0.8 x 0.8 x 0.8 mm?, random
strength of motion amplitude amp =[0.01,2.5] and frequency
hz = [0,0.0075] x TR (amp and hz are randomly chosen). Thus, the
simulated motions, whether rotation, periodic, continuous or sudden,
arederived fromvariable parameters, introducing the necessary com-
plexity. Subsequently, we further added blurring through an artefact
simulator”®, which employs Fourier transformation to obtain k-space
data, followed by the application of arandom phase shift to each k-space
line along the readout direction. This processintegrates randommotion
amounts by assuming a Gaussian distribution for phase shifts. The vari-
ability inblurring artefact severity is achieved by adjusting the standard
deviation (o) of this distribution. Inthis study, we randomly set o within
therange of [1, 2] forimages with high tissue contrast (that is, images at
9,12, 18 and 24+ months) and within the range of [0.5, 1.5] for images
with low tissue contrast (that is, images at 0, 3 and 6 months), thereby
ensuring dynamic variability in the artefact simulation function.

Implementations

The classification and enhancement networks were jointly trained using
the Caffe®® deep learning framework (Caffe 1.0.0-rc3), with a total loss
L =L, + AL,,where Awas setas107. In the classification network, we set
¢ =4inthiswork, including background, CSF, GMand WM. The kernels
were initialized by Xavier. We used the stochastic gradient descent
strategy for the network optimization. The learning rate was set as 0.005
and multiplied by 0.1 after each epoch. In this study, the models were
trained for five epochs. All hyperparameters for the foundation model,
such asthe patchssize, the loss weight A, the number of epochs and the
learning rate, were tuned on the basis of the validation set.
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Training dataset

We used 52 foetal participants (21-36 gestational weeks) from our
in-house collection and 464 participants (0-6 years old) from BCP*
as our training data. Parents of all participants provided permission
andinformed consent before their participation. All procedures were
approved by the University of North Carolina at Chapel Hill and the
University of Minnesota Institutional Review Boards. All participants
were normally developing without any pathology and their scans were
artefact-free by careful visualinspection. To generate tissue labels for
training the classification network, we leveraged a cerebrum-dedicated
pipeline, iBEAT V2.0* (http://www.ibeat.cloud), which has success-
fully processed 50,000+ scans acquired with a wide variety of imag-
ing protocols and scanners from 200+ institutions across the world
and consistently outperforms competing tools, according to excel-
lent feedbacks and comments provided by independent users. All
pre-processed results by the iBEAT V2.0, including intensity inhomo-
geneity correction, skull stripping and cerebellum removal, passed
the quality control. To generate paired low-quality images from the
artefact-free images for training the tissue-aware enhancement net-
work, weintroduced simulated degradation. The artefact-freeimages
were degraded by adding simulated rotation, periodic, continuous and
sudden motions (viaa motion simulation tool®’), along with imaging
noise and image blurring (via an artefact simulator’). It is important
tonote that theimage degradation process was applied to the original
brainimages (before skull stripping).

Inthis study, to effectively correct artefacts for lifespan brain MRIs,
we trained enhancement models at different developmental stages,
including foetal phase, 0 months, 3 months, 6 months, 9 months,
12 months, 18 months and 24+ months of age. The rationale behind this
training strategy is that brain images within each of these age groups
exhibit highly representative and relatively consistent appearances,
which hasbeen extensively verified in previous studies® ‘. Supplemen-
tary Table 1 presents the number of training data for each age group.
We randomly extracted 2,000 patches (size: 40 x 40 x 40 for images
witharesolution of 0.8 x 0.8 x 0.8 mm?®) from each trainingimage. We
divided the training samples, allocating 95% to the training set and 5%
to the validation set. During testing, we employed the age-matched
model for enhancement corresponding to the age of the input data.
Notably, for participants aged from 24 months to 100 years old, we
applied the same model (that is, 24+ months of age) for enhancement.

Testing dataset

In this study, we validated on 19 testing datasets acquired with vari-
ous scanners and imaging protocols/parameters, including dHCP*>*,
NDAR**,BCP*,SALD*%, CCNP**°, DLBS™", IXI (http://brain-development.
org/ixi-dataset), Chinese Adult Brain®, Autism Brain Imaging Data
Exchange (ABIDE)®, Aging Brain: Vasculature, Ischemia, and Behavior
(ABVIB)¥, ADNI’*®, Australian Imaging, Biomarkers and Lifestyle (AIBL)®,
HBN*>, HCP*®, International Consortium for Brain Mapping (ICBM)*’,
OASIS3”, Southwest University Longitudinal Imaging Multimodal (SLIM)
BrainDataRepository’®, MR-ART®* and T2w foetal images suffered from
motion and imaging noise (from in-house collection). All sites of these
testing datasets obtained study protocol approval from their respec-
tive Institutional Review Boards, and informed consent was provided
by participants or their parents/legal guardians. We have diligently
complied with allapplicable ethical regulations during the utilization of
allparticipantsinvolved in this study. More imaging information about
these datasets is listed in Supplementary Table 1. These datasets cover
abroad agerange, fromfoetuses to elderly individuals, enablingacom-
prehensive evaluation of the foundation model. Note that participants
inthe training and testing datasets are completely non-overlapping.

Synthesized data. To qualitatively evaluate the performance, we
generated 2,088 synthesized corrupted images from BCP, NDAR, SALD,
CCNP, DLBS and IXI datasets. Specifically, for the BCP dataset, we

randomly selected 20 artefact-free 24-month-old T1lw images and
synthesized corrupted images with three different levels of motions:
minor (amp =1, hz = 0.12 x TR), moderate (amp = 2, hz = 0.18 x TR) and
severe (amp = 3, hz = 0.42 x TR). We then downsampled these images
into lower resolutions (thatis, 0.8 x 0.8 x 0.8 mm* - 1.6 x 0.8 x 0.8 m
m?and 2.4 x 0.8 x 0.8 mm?). This resulted in 180 corrupted images,
with each artefact-free image corresponding to nine different levels
of corruption (thatis, three levels of motions and three levels of resolu-
tions), which we used to evaluate the performance of our foundation
model as well as competing methods. We choseimages of 24-month-old
participants for synthesis because scans at this age often suffer from
substantial artefacts due to the difficulty of keeping the participants
stillduring the scan’>. For other testing datasets (that is, NDAR, SALD,
CCNP, DLBS and IXI), we synthesized corrupted images with severe
periodicmotions (viaareleased software®withamp = 3,hz = 0.42 x TR).

In vivo data. We tested the foundationmodel on 10,963 in vivo images
from the 19 testing datasets. The data were acquired using various
scanners, such as Siemens, GE and Philips, with age phases ranging
from mid-foetal to late adulthood. The MR-ART dataset®, in particu-
lar, includes both motion-free and motion-corrupted images from
the same participants, covering the adult lifespan (18-75 years old).
Each participant was scanned under three conditions: staying still
(STAND), slight head motion (HM1) and more excessive head motion
(HM2). Of the MR-ART data, 140 participants had images for all three
conditions, resulting in 280 in vivo corrupted images. Since estab-
lishing voxel-to-voxel correspondence between paired motion-free
and motion-corrupted images, even from the same participant, is
very difficult’, STAND images are unsuitable as ground truth for the
enhanced results of HM1and HM2 images. Nonetheless, they serve to
explore whether any potential bias was introduced during the recon-
struction, such as variances in tissue volumes and cortical thickness
between STAND and reconstructed data. For pre-processing, we resa-
mpled all testing images to 0.8 x 0.8 x 0.8 mm? (the same resolution
with training images) and used the toolbox* to perform skull stripping
and cerebellum removal. More imaging information about the in vivo
images is listed in Supplementary Table 1.

Additional testingimages are presented in ‘Results and discussion’
to evaluate the performance, including (1) low-resolution images at
0 months, 3 months, 6 months, 9 months, 12 months and 18 months
of age (fromin-house collection) in ‘Performance on 10,963 in vivo
images, foetal to adulthood’ section; (2) adult testing images with dif-
ferentbrain conditions (MS and gliomas) fromrefs. 68-70 in‘Applica-
tion on pathological brain MRIs with lesions or gliomas’ section; and
(3) isointense phase T1w images acquired with a 3 T GE scanner” in
‘Downstream tasks’ section.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The raw data generated in this study are available from dHCP>>*
(https://biomedia.github.io/dHCP-release-notes), NDAR** (https://
nda.nih.gov/edit_collection.html?id=19), BCP* (https://nda.nih.gov/
edit_collection.html?id=2848), SALD*® (http://fcon_1000.projects.
nitrc.org/indi/retro/sald.html), CCNP***° (https://ccnp.scidb.cn/en/
detail?dataSetld=826407529641672704&version=V3&code=000133),
DLBS™ (https://fcon_1000.projects.nitrc.org/indi/retro/dlbs.html),
IXI (http://brain-development.org/ixi-dataset/), Chinese Adult
Brain® (https://www.nitrc.org/projects/adultatlas), ABIDE*® (https://
fcon_1000.projects.nitrc.org/indi/abide/), ABVIB¥ (https://ida.loni.
usc.edu/home/projectPage.jsp?project=ABVIB), ADNI*® (https://ida.
loni.usc.edu/home/projectPage.jsp?project=ADNI), AIBL®® (https://
ida.loni.usc.edu/home/projectPage.jsp?project=AIBL), HBN* (https://
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data.healthybrainnetwork.org/main.php), HCP* (http://www.human-
connectomeproject.org/data), ICBM®* (https://ida.loni.usc.edu/home/
projectPage.jsp?project=ICBM), OASIS3* (https://sites.wustl.edu/
oasisbrains/), SLIM” (https://fcon_1000.projects.nitrc.org/indi/retro/
southwestuni_giu_index.html) and MR-ART®* (https://openneuro.org/
datasets/ds004173/versions/1.0.2). Source data are provided with
this paper.

Code availability

The source codes and trained models are available via GitHub at
https://github.com/DBC-Lab/Brain_MRI_Enhancement.git. The net-
work was trained using the Caffe deep learning framework (Caffe
1.0.0-rc3). The deployment was implemented with custom Python
code (Python 2.7.17). The source codes of competing methods are avail-
able for DUNCAN (version 3.0) via Zenodo at https://doi.org/10.5281/
zenodo.3742351 (ref. 38); Pix2Pix/CycleGanvia GitHub at https://github.
com/junyanz/pytorch-CycleGAN-and-pix2pix; DU-Net at https://
liwang.web.unc.edu/wp-content/uploads/sites/11006/2020/04/
Anatomy_Guided_Densely_Connected_U_Net.txt; NLUP (version
2.0) at https://personales.upv.es/jmanjon/upsampling.htm; FAST at
https://fsl.fmrib.ox.ac.uk/fsl/docs/#/structural/fast; a multiresolu-
tion non-local means filter (version 1.0) at https://personales.upv.
es/jmanjon/res_denoising_ NLM3D.htm; and Demon’s algorithm at
https://simpleitk.readthedocs.io/en/master/link_DemonsRegistra-
tion2_docs.html. The image pre-processing steps, including skull
stripping and cerebellum removal, were performed by using a public
cerebrum-dedicated pipeline (iBEAT V2.0, http://www.ibeat.cloud).
The motion simulation tool is available via GitHub at https://github.
com/Yonsei-MILab/MRI-Motion-Artifact-Simulation-Tool. The artefact
simulator is available at https://ieeexplore.ieee.org/abstract/docu-
ment/8759167. To quantitatively assess the significance of theresults,
we conducted statistical analyses using two-sided ¢-tests to obtain P
values. Cohen’s d was used as a key metric to quantify the magnitude
of the observed effect, with calculations performed using the effect
size calculators at https://Ibecker.uccs.edu.
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For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.
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A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
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For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XX O [0 XX O O]
XOO X X OO X XK

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  No software was used.

Data analysis 1. The source codes and trained models are available at https://github.com/DBC-Lab/Brain_MRI_Enhancement.git. The network was trained
using the Caffe deep learning framework (Caffe 1.0.0-rc3). The deployment was implemented with the custom Python code (Python 2.7.17).
2. The source codes of competing methods are available:

DUNCAN: https://zenodo.org/record/4474599#.ZD8DG0OzMLOo, version 3;

Pix2Pix/CycleGan: https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix;

DU-Net: https://liwang.web.unc.edu/wp-content/uploads/sites/11006/2020/04/Anatomy_Guided_Densely_Connected_U_Net.txt;
NLUP: https://personales.upv.es/jmanjon/upsampling.htm, version 2.0

FAST: https://fsl.fmrib.ox.ac.uk/fsl/docs/#/structural/fast

A multiresolution non-local means filter: https://personales.upv.es/jmanjon/res_denoising_NLM3D.htm, version

1.0

Demon'’s algorithm: https://simpleitk.readthedocs.io/en/master/link_DemonsRegistration2_docs.html#

3. The image pre-processing steps, including skull stripping, cerebellum removal, were performed by using a public cerebrum-dedicated
pipeline (iBEAT V2.0 Cloud, http://www.ibeat.cloud).

The motion simulation tool: https://github.com/Yonsei-MILab/MRI-Motion-Artifact-Simulation-Tool

The artifact simulator: https://ieeexplore.ieee.org/abstract/document/8759167

4. To generate degraded images, the simulated rotation/periodic/continuous/sudden motions were added by a released software (https://
github.com/Yonsei-MILab/MRI-Motion-Artifact-Simulation-Tool).

5. Codes for evaluation metrics:

MSE: https://www.mathworks.com/help/images/ref/immse.htmi
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PSNR: https://www.mathworks.com/help/images/ref/psnr.html

SSIM: https://www.mathworks.com/help/images/ref/ssim.html

MS-SSIM: https://www.mathworks.com/help/images/ref/multissim3.html

UQl: https://viewer.mathworks.com/?viewer=plain_code&url=https%3A%2F%2Fin.mathworks.com%2Fmatlabcentral%2Fmlc-downloads%
2Fdownloads%2Fsubmissions%2F29500%2Fversions%2F1%2Fcontents%2FimageQualityindex.m&embed=web

TCT: https://github.com/DBC-Lab/Brain_MRI_Enhancement/blob/main/For_reference/TCT.py

VIF: https://github.com/sattarab/image-quality-tools/blob/master/metrix_mux/metrix/vif/vifvec_release/vifvec.m

6. To quantitatively assess the significance of the results, we conducted statistical analyses using two-sided t-tests to obtain P values. Cohen’s
d was used as a key metric to quantify the magnitude of the observed effect, with calculations performed using the Effect Size Calculators
(https://Ibecker.uccs.edu).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability
- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The raw data generated in this study are available from dHCP [51, 52] (https://biomedia.github.io/dHCP-release-notes), NDAR [53] (https://nda.nih.gov/
edit_collection.html?id=19), BCP [38] (https://nda.nih.gov/edit_collection.html?id=2848), SALD [47] (http://fcon_1000.projects.nitrc.org/indi/retro/sald.html), CCNP
[48, 49] (https://ccnp.scidb.cn/en/detail?dataSetld=826407529641672704&version=V3&code=000133), DLBS [50] (https://fcon_1000.projects.nitrc.org/indi/retro/
dlbs.html), IXI (http://brain-development.org/ixi-dataset/), Chinese Adult Brain [84] (https://www.nitrc.org/projects/adultatlas), ABIDE [85] (https://
fcon_1000.projects.nitrc.org/indi/abide/), ABVIB [86] (https://ida.loni.usc.edu/home/projectPage.jsp?project=ABVIB), ADNI [57] (https://ida.loni.usc.edu/home/
projectPage.jsp?project=ADNI), AIBL [87] (https://ida.loni.usc.edu/home/projectPage.jsp?project=AIBL), HBN [54] (https://data.healthybrainnetwork.org/main.php),
HCP [55] (http://www.humanconnectomeproject.org/data), ICBM [88] (https://ida.loni.usc.edu/home/projectPage.jsp?project=ICBM), OASIS3 [56] (https://
sites.wustl.edu/oasisbrains/ ), SLIM [89] (https://fcon_1000.projects.nitrc.org/indi/retro/southwestuni_giu_index.html), and MR-ART [62] ( https://openneuro.org/
datasets/ds004173/versions/1.0.2).

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender We do not include sex or gender information in this study.

Reporting on race, ethnicity, or We do not include information on race, ethnicity or other socially relevant groupings in this study.
other socially relevant

groupings

Population characteristics In total, 11,479 participants (19 datasets, including all training and testing participants) covering a broad age range from
foetuses to elderly individuals, were included in this study for training and testing, as shown in Supplementary Table 4. We do
not involve sex information.

Recruitment 1. According to Edwards, A.D. et al. paper [Frontiers in neuroscience, 16: 886772, 2022], for the dHCP dataset, the

participants were recruited at St Thomas' Hospital, London, and imaged at the Evelina Newborn Imaging Centre, Centre for
the Developing Brain, King’s College London, United Kingdom. The study population includes participants born at term
equivalent age without any known pregnancy or neonatal problems and are regarded as healthy.

2. According to information related to the NDAR dataset (https://depts.washington.edu/uwautism/research-projects/
infantbrain-imaging-study/), participants were recruited from families with (1) a child between the ages of 4 and 12, (2) an
older sibling who is EITHER typically developing OR has an Autism Spectrum Disorder, and (3) who have previously
participated in Infant Brain Imaging Study.

3. According to Howell, B.R. et al. paper [Neuroimage. 185: 891-905, 2019], for the BCP dataset, participants were recruited
from existing registries at UNC and UMN based on state-wide birth records as well as from broader community resources
(e.g., community centers and targeted day-care centers) to ensure the sample approximates the racial/ethnic and socio-
economic diversity of the US census. To augment recruitment of the youngest cohort of participants, the investigators may
recruit participants perinatally by approaching expectant and new mothers at “The Birthplace” at UMN and the UNC
Hospitals Newborn Nursery.

4. According to Wei, D. et al. paper [Scientific data. 5: 180134, 2018], for the SALD dataset, all participants included in this
study were selected from a large dataset of individuals who have participated in the ongoing BCM data collection initiative.
The young adults (18-25 years old) of the lifespan sample enrolled as college students of Southwest University in Chongging,
China. Many of the mid adults (26 to 40 years old) were recruited directly from the staff of Southwest University. The rest of
the adults sample were recruited from communities close to the university campus. We primarily recruited participants
through leaflets, online advertisements, and face-to-face propaganda.

5. According to Gao, P. et al. paper [Scientific data. 9: 286, 2022], for the 3R-BRAIN dataset, all participants were recruited by
advertisements posted in colleges and communities. Specifically, to protect personal information, we applied the face
masking toolkit to achieve privacy anonymization by blurring facial information while all the participants agreed to share their
anonymized data with the public.

6. According to Kristen M.K. et al. paper [Neuroimage, 104: 21-34, 2015], for the DLBS dataset, the participants were
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Ethics oversight

recruited through media advertisements and flyers and underwent health history screening via a health questionnaire as well
as telephone and personal interviews. All participants were screened against cardiovascular, neurological, and psychiatric
disorders, head injury with loss of consciousness N10 min, and drug/alcohol abuse. Participants were native English speakers
and strongly right-handed (on the Edinburgh Handedness Questionnaire (Oldfield, 1971). The participants were well-
educated (mean 16.55 + 2.68 years) and scored highly (28.35 + 1.27) on the Mini Mental State Examination (MMSE; Folstein
etal., 1975).

7. For the IXI dataset (https://brain-development.org/ixi-dataset/), this study collected images from three different hospitals
in London.

8. According to Yan C. Z. et al. paper [Frontiers in systems neuroscience, 4: 1377, 2010], for the Chinese Adult Brain dataset,
all participants are young healthy volunteers with head motion less than 2.0 mm displacement in any of the x, y, or z
directions or 2.0° of any angular motion throughout the resting-state scan. All are righthanded and had no history of
neurological and psychiatric disorders.

9. According to Di, M. A. et al. paper [Scientific data, 4(1): 1-15, 2017], for the ABIDE dataset, this study followed independent
data collections across multiple sites. They can range from inclusion/exclusion criteria, recruitment/sampling strategies, MRI
scanner types, data acquisition parameters, and instructions (e.g., eyes open versus closed).

10. For the ABVIB dataset (https://adrc.usc.edu/scientists-researchers/), all participants were selected to represent (1) a
spectrum of vascular risk, ranging from low to high, and (2) a spectrum of cognitive impairment, ranging from no to mild
cognitive impairment. Neuropsychological testing was performed every year, and MRI scans were done every 2 years.

11. According to R.C. Petersen et al. paper [Neurology, 74(3): 201-209, 2010], for the ADNI dataset, all participants had to
have a Hachinski Ischemic Score of less than or equal to 4; permitted medications stable for 4 weeks prior to screening; a
Geriatric Depression Scale score of less than 6; a study partner with 10 hours per week of contact either in person or on the
telephone and who could accompany the participant to the clinical visits; visual and auditory acuity adequate for
neuropsychological testing; good general health with no diseases precluding enrollment; 6 grades of education or work
history equivalent; and ability to speak English or Spanish fluently. Women had to be sterile or 2 years past childbearing
potential. Participants had to be able to complete a 3-year imaging study (2 years for participants with AD). Participants
agreed to DNA extraction for APOE testing and banking and agreed to blood and urine examination for biomarkers.

12. According to Ellis K.A. et al. paper [International psychogeriatrics, 21(4): 672-687, 2009], for the AIBL dataset, a total of
1166 volunteers were recruited. Participants with AD (211) had neuropsychological profiles which were consistent with AD
and were more impaired than participants with mild cognitive impairment (133) or healthy controls (768), who performed
within expected norms for age on neuropsychological testing. PiB PET scans were performed on 287 participants, 100 had
DEXA scans and 91 participated in ActiGraph monitoring.

13. According to Ellis K.A. et al. paper [Scientific data, 4: 170181, 2017], for the HBN dataset, this study adopted a
community-referred recruitment model using advertisements to encourage the participation of families who have concerns
about psychiatric symptoms in their children. With few exceptions, the presence of psychiatric, medical, or neurological
iliness does not exclude participation. All individuals meeting inclusion criteria, without any reasons for exclusion, are invited
to participate in the study.

14. According to Alexander, L. et al. paper [Neuroimage, 62(4): 2222-2231, 2012], for the HCP dataset, the participants were
young adult sibships, with most of these sibships including a MZ or DZ twin pair, aged between 22 and 35 years old.

15. According to Maude, S. et al. paper [American Journal of Psychiatry, 171(6): 627-639, 2014], for the ICBM dataset, the
participants were recruited across 15 sites. They were included if they had a genetically confirmed 22q11.2 microdeletion,
were between the ages of 6 and 70 years, and underwent a comprehensive structured psychiatric assessment using a
validated instrument.

16. According to Pamela J LaMontagne et al. paper [MedRxiv, 2019.12. 13.19014902], for the OASIS3 dataset, the following
cohorts were recruited: (1) Individuals who were generally healthy, were cognitively normal (CDR = 0), and had a family
history of AD, defined as being a biologic child of at least one parent with a reported history of AD dementia with onset age
80 years; (2) individuals who were generally healthy, were cognitively normal (CDR = 0), and had no family history of AD for
either biological parent and lived at least to age 70 years; and (3) healthy individuals 65 and older, both those who were
cognitively normal (CDR 0) and this with very mild-mild symptomatic AD (CDR 0.5 and 1). Participants were recruited from
the community via flyers, word of mouth, and community engagements. Participants from all cohorts agreed to submit an
initial blood sample for genetic testing and complete regular cognitive testing, neuroimaging, and lumbar punctures
approximately every 2-3 years. Each participant was enrolled along with a collateral source, someone who knew the
participants well (e.g., the spouse of the adult child) and could report whether the participant’s current cognitive and
functional performance was or was not at previously attained levels.

17. For the SLIM dataset (http://fcon_1000.projects.nitrc.org/indi/retro/southwestuni_giu_index.html), a total of 167 healthy
undergraduate students from the local community of Southwest University in China participated in this study as a part of our
ongoing project investigating the associations among brain imaging, mental health, and creativity. All participants were right-
handed and had no history of neurological or psychiatric diseases.

18. According to Narai et al. [10.1038/s41597-022-01694-8], the brain scans have been acquired between 2019 and 2021,
and the data collection included 148 healthy adult volunteers (95 female; age range: 18-75 years; median age: 25.16 years;
IQR: 10.50 years) with no reported history of neurological or psychiatric diseases. All participants provided written, informed
consent before participation.

1. According to Edwards, A. D. et al. paper [Frontiers in neuroscience, 16: 886772, 2022], for the dHCP dataset, the study was
approved by the United Kingdom Health Research Authority (Research Ethics Committee reference number: 14/L0/1169)
and written parental consent was obtained in every case for imaging and open data release of the anonymized data.

2. According to Hazlett, H. et al. paper [Nature. 542: 348-351, 2017], for the NDAR dataset, data collection sites had
studyprotocols approval from their Institutional Review Boards (IRB), and all enrolled participants had informed consent
provided byparent/guardian.

3. According to Howell, B. R. et al. paper [Neuroimage. 185: 891-905, 2019], for the BCP dataset, all procedures were
approved by the University of North Carolina at Chapel Hill and the University of Minnesota Institutional Review Boards.
4. According to Wei, D. et al. paper [Scientific data. 5: 180134, 2018], for the SALD dataset, the dataset collection was
approved by the Research Ethics Committee of the Brain Imaging Center of Southwest University.

5. According to Gao, P. et al. paper [Scientific data. 9: 286, 2022], for the 3R-BRAIN dataset, all data were approved by the
Beijing Municipal Science and Tech Commission (Grant No.Z161100002616023f).

6. According to Kristen, M. K. et al. paper [Neuroimage, 104: 21-34, 2015], for the DLBS dataset, all participants provided
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written informed consent and were debriefed in accord with university human investigations committee guidelines.

7. For the IXI dataset (https://brain-development.org/ixi-dataset/), the data are approved by the European Research Council
(ERC), Engineering and Physical Sciences Research Council (EPSRC), Medical Research Council (MRC), and Action Medical
Research.

8. According to Yan, C. Z. et al. paper [Frontiers in systems neuroscience, 4: 1377, 2010], for the Chinese Adult Brain dataset,
written informed consent was obtained from each participant, and the study was approved by the Institutional Review Board
of Beijing Normal University Imaging Center for Brain Research.

9. According to Di, M. A. et al. paper [Scientific data, 4(1): 1-15, 2017], for the ABIDE dataset, all data are required to confirm
that their local Institutional Review Board (IRB) or ethics committee has approved both the initial data collection and the
retrospective sharing of a fully de-identified version of the datasets (i.e., after the removal of the 18 protected health
information identifiers including facial information from structural images as identified by the Healthinsurance Portable and
Accountability Act [HIPAA]).

10. For ABVIB dataset (https://ida.loni.usc.edu/login.jsp), the project represented a collaborative effort among investigators
at the University of Southern California, University of California at Davis, University of California at San Francisco, University
of California at Los Angeles, and University of California at Berkeley.

11. According to Petersen, R. C. et al. paper [Neurology, 74(3): 201-209, 2010], for ADNI dataset, this study was approved by
the Institutional Review Boards of all of the participating institutions. Informed written consent was obtained from all
participants at each site.

12. According to Ellis, K. A. et al. paper [International psychogeriatrics, 21(4): 672-687, 2009], for AIBL dataset, the study was
approved by the institutional ethics committees of Austin Health, St Vincent’s Health, Hollywood Private Hospital and Edith
Cowan University, and all volunteers gave written informed consent before participating in the study.

13. According to Ellis K.A. et al. paper [Scientific data, 4: 170181, 2017], for the HBN dataset, the study was approved by the
Chesapeake Institutional Review Board (https://www.chesapeakeirb.com/). Written informed consent is obtained from
participants ages 18 or older. For participants younger than 18, written consent is obtained from their legal guardians and
the participant.

14. According to Van Essen, D. C. et al. paper [Neuroimage, 62(4): 2222-2231, 2012], for the HCP dataset, all participant
recruitment procedures and informed consent forms, including consent to share de-identified data, were approved by the
Washington University institutional review board.

15. According to Maude, S. et al. paper [American Journal of Psychiatry, 171(6): 627-639, 2014], for the ICBM dataset, each
site received approval from its local ethics committee (institutional review board). Each participant and his or her legal
caregiver, where appropriate, gave written informed consent for study participation.

16. According to Pamela, J. L. et al. paper [MedRxiv, 2019.12. 13.19014902], for OASIS3 dataset, all participants were
consented into Knight ADRC-related projects following procedures approved by the Institutional Review Board of Washington
University School of Medicine.

17. For the SLIM dataset (http://fcon_1000.projects.nitrc.org/indi/retro/southwestuni_giu_index.html), the experimental
protocol was approved by the Institutional Review Board of the Southwest University Brain Imaging Center. All participants
provided informed consent prior to engaging in the experiment and received payment for their participation.

18. According to Narai et al. [10.1038/s41597-022-01694-8], the research protocol used for collecting the dataset was
designed and conducted in accordance with the Hungarian regulations and laws, and was approved by the National Institute
of Pharmacy and Nutrition (file number: OGYEI/70184/2017).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size

Data exclusions

There is currently no established theoretical guidance for estimating sample size in deep learning models. As such, our selection was informed
by practical considerations and the availability of data for training and validation.

1. For training, we used 52 foetal participants (21-36 GW) from our in-house collection and 464 participants (0-6 years old) from UMN/UNC
Baby Connectome Project (BCP) as our training participants In this study, to effectively correct artifacts for lifespan brain MRIs, we trained
enhancement models at different developmental stages, including fetal phase (52 participants), 0 month (24 participants), 3 months (40
participants), 6 months (51 participants ), 9 months (80 participants), 12 months (73 participants), 18 months (102 participants), and 24+
months (94 participants) of age.

2. For testing, we validated on 19 testing datasets (10,963 in vivo images and 2,448 synthesized corrupted images) acquired with various
scanners and imaging protocols/parameters, including the dHCP (395 participants ), NDAR (600 participants), BCP (20 participants), SALD (494
participants), CCNP (181 participants), DLBS (305 participants), IXI (539 participants), Chinese Adult Brain (180 participants), ABIDE (685
participants), ABVIB (228 participants), ADNI (427 participants), AIBL (1,293 participants), HBN (1,091 participants), HCP (459 participants),
ICBM (345 participants), OASIS (2,662 participants), SLIM (497 participants), MR-ART (420 participants) and T2-weighted foetal images (142
participants, from in-house collection). More imaging information about these datasets is listed in Supplementary Table 4.

1. According to Edwards, A.D. et al. paper [Frontiers in neuroscience, 16: 886772, 2022], for the dHCP dataset, the principal exclusion criteria
are: (1) Mothers or infants with contraindication to MR imaging, including implanted metallic devices such as orthopedic devices or non-
compatible clips to close patent ductus areteriosus. (2) Preterm infants who are too unwell to tolerate the scanning period, despite full
intensive neonatal care. This decision would be made by the attending paediatric doctor performing the scan, in conjunction with the medical
team caring for the patient. (3) Language difficulties preventing proper communication about the trial and the consent process.
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Replication

Randomization

Blinding

2. According to Hazlett, H. et al. paper [Nature. 542: 348-351, 2017], for the NDAR dataset, the exclusion criteria for both groups included the
following: (1) diagnosis or physical signs strongly suggestive of a genetic condition or syndrome (for example, fragile X syndrome) reported to
be associated with ASDs, (2) a significant medical or neurological condition affecting growth, development or cognition (for example, CNS
infection, seizure disorder, congenital heart disease), (3) sensory impairment such as vision or hearing loss, (4) low birth weight (< 2,000 g) or
prematurity (< 36 weeks gestation), (5) possible perinatal brain injury from exposure to in utero exogenous compounds reported to likely
affect the brain adversely in at least some individuals (for example, alcohol, selected prescription medications), (6) non-English speaking
families, (7) contraindication for MRI (for example, metal implants), (8) adopted participants, and (9) a family history of intellectual disability,
psychosis, schizophrenia or bipolar disorder in a first-degree relative. The sample for this analysis included all children with longitudinal
imaging data processed until 31 August 2015. During our data analysis, we have performed tissue segmentation on all the archived
participants from BCP and NDAR. To chart accurate growth trajectory, if any of two raters considered the segmentation quality for one scan as
“poor", this scan will be excluded. Finally, we excluded 34 of 493 scans (7%) from BCP and NDAR for charting the growth trajectory.

3. According to Howell, B.R. et al. paper [Neuroimage. 185: 891-905, 2019], for the BCP dataset, participants are excluded if they were born
prior to 37 weeks gestation, had a birth weight lower than 2,000 grams, or if they had any major delivery complications. Major delivery
complications may include neonatal hypoxia or neonatal illness requiring a greater than two day NICU stay. They are also excluded if they: (1)
are adopted, (2) have a first degree relative with autism, intellectual disability, schizophrenia, or bipolar disorder, (3) have any significant
medical and/or genetic conditions affecting growth, development, or cognition, or (4) have any contraindication to MRI. Additional exclusion
criteria include major pre- and/or perinatal issues including: (1) maternal pre-eclampsia, placental abruption, maternal HIV status, and
maternal alcohol or illicit drug use during pregnancy. Finally, children are excluded from the study if their caregivers are unable to
communicate in English at a level to provide informed consent.

4. According to Wei, D. et al. paper [Scientific data. 5: 180134, 2018], for the SALD dataset, the exclusion criteria included: (1) MRI related
exclusion criteria, which included claustrophobia, metallic implants, Meniere’s Syndrome and a history of fainting within the previous 6
months; (2) current psychiatric disorders and neurological disorders; (3) use of psychiatric drugs within the three months prior to scanning; (4)
pregnancy; or (5) a history of head trauma. Informed written consent was obtained from each participant. Besides, we required participants
to refrain from drinking during the day before the scanning and the scanning day.

5. According to Gao, P. et al. paper [Scientific data. 9: 286, 2022], for the 3R-BRAIN dataset, the participants were excluded if they met any of
the following criteria: regular smoker, pregnancy, abnormal color discrimination, a history of alcohol or drug abuse, currently any medication,
MRI contraindications, neuropsychiatric or severe somatic disorder and sedative-hypnotic medication within a month or any medication for
major neuropsychiatric disorders.

6. According to Kristen, M.K. et al. paper [Neuroimage, 104: 21-34, 2015], for the DLBS dataset, this study did not disclose specific exclusion
criteria.

7. For the IXI dataset (https://brain-development.org/ixi-dataset/), this study did not disclose specific exclusion criteria.

8. According to Yan, C. Z. et al. paper [Frontiers in systems neuroscience, 4: 1377, 2010], for the Chinese Adult Brain dataset, the participants
with excessive head motion need to be excluded from urther analysis.

9. According to Di, M. A. et al. paper [Scientific data, 4(1): 1-15, 2017], for the ABIDE dataset, the specific inclusion/exclusion criteria used for
selecting controls (e.g., IQ range, first degree relative with ASD) or ASD (e.g., absence of reported seizure and genetic syndromes) varied
across collections. Each collection narrative on the ABIDE Il website provides details regarding these criteria.

10. For ABVIB dataset, this study did not disclose specific exclusion criteria.

11. According to Petersen, R.C. et al. paper [Neurology, 74(3): 201-209, 2010], for ADNI dataset, all participants could not have any medical
contraindications to MRI and could not be enrolled in other trials or studies concurrently.

12. According to Ellis, K.A. et al. paper [International psychogeriatrics, 21(4): 672-687, 2009], for the AIBL dataset, 54 participants were
excluded from further study due to comorbid disorders which could affect cognition or because of withdrawal of consent.

13. According to Ellis K.A. et al. paper [Scientific data, 4: 170181, 2017], for the HBN dataset, the primary causes for exclusion center on the
presence of acute safety concerns (e.g., danger to self or others), cognitive or behavioral impairments that could interfere with participation
(e.g., being non-verbal, IQ less than 66), or medical concerns that are expected to confound brain-related findings.

14. According to Van Essen, D. C. et al. paper [Neuroimage, 62(4): 2222-2231, 2012], for the HCP dataset, the exclusion criteria are: (1)
exclude sibships with individuals having severe neurodevelopmental disorders (e.g. autism), documented neuropsychiatric disorders (e.g.
schizophrenia or severe recurrent depression) or neurologic disorders (e.g. Parkinson's disease), but will include individuals who are smokers,
are overweight, or have a history of heavy drinking or recreational drug use without having experienced severe symptoms (Supplemental
Table S1 lists the full set of inclusion and exclusion criteria under consideration); (2) Twins born prior to 34 weeks gestation and non-twins
born prior to 37 weeks gestation will be excluded; (3) conduct an additional extensive, reliable, and valid psychiatric interview, the Semi-
Structured Assessment for the Genetics of Alcoholism (SSAGA, Bucholz et al., 1994), to confirm the absence of significant psychiatric iliness.
15. According to Maude, S. et al. paper [American Journal of Psychiatry, 171(6): 627-639, 2014], for the ICBM dataset, the exclusion criteria
were applied: normal or inconclusive genetic testing, missing demographic information, age less than 6 years, nonstructured clinical
psychiatric assessment, assessment for a single disorder (e.g., autism spectrum disorder), and assessment with self- or parent-report
questionnaire.

16. According to Pamela, J. M. et al. paper [MedRxiv, 2019.12. 13.19014902], for the OASIS3 dataset, the exclusion criterion included medical
conditions that precluded longitudinal participation (e.g., end-stage renal disease requiring dialysis) or medical contraindications for the study
arms (e.g., pacemaker for MRI, anticoagulant use for lumbar puncture).

17. For the SLIM dataset (http://fcon_1000.projects.nitrc.org/indi/retro/southwestuni_giu_index.html), four participants were excluded
because of problems with the imaging data (two participants with excessive artifacts) and incomplete behavioral data (2 participants). All
participants were right-handed and had no history of neurological or psychiatric diseases.

18. According to Narai et al. [10.1038/s41597-022-01694-8], the data collection included

148 healthy adult volunteers (95 female; age range: 18—75 years; median age: 25.16 years; IQR: 10.50 years) with no reported history of
neurological or psychiatric diseases.

The code used for training the deep-learning models are made publicly available for the reproducibility purpose (https://github.com/DBC-Lab/
Brain_MRI_Enhancement.git).

The samples were allocated into experimental groups (training and testing) randomly.
For all training and testing datasets in this study, the investigators were not blinded to the group allocation (only age related) since the

proposed foundation model is designed to improve the medical image quality covering the lifespan from fetuses to elderly individuals (with
varying intensity distribution related to age).
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Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies [] chip-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| |X| MRI-based neuroimaging

Animals and other organisms

Clinical data
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Plants

Magnetic resonance imaging

Experimental design

Design type We do not engage in data collection; instead, we use previously collected data from other researchers to support our
analysis.

Design specifications We do not engage in data collection; instead, we use previously collected data from other researchers to support our
analysis.

Behavioral performance measures ~ We do not engage in data collection; instead, we use previously collected data from other researchers to support our

analysis.
Acquisition
Imaging type(s) Structural MRI.
Field strength 1.5 Tesla, 3 Tesla and 7 Tesla.
Sequence & imaging parameters 1. We have reported the scanner, modality, TR/TE (ms), and resolution information of data from the 19 datasets in
Supplementary Table 4.
2. For the 7T images (Siemens scanner), the TR/TE (ms) is 5000/2.45 for T1w images, with a voxel resolution of 0.4 x 0.4
x 0.4 mm~3.
Area of acquisition A whole brain scan.
: ; "%
Diffusion MRI |:| Used Not used
Preprocessing
Preprocessing software The image preprocessing steps, including skull stripping, cerebellum removal were performed by using a public cerebrum-

dedicated pipeline (iBEAT V2.0 Cloud, http://www.ibeat.cloud). To generate degraded images, the simulated rotation/
periodic/continuous/sudden motions were added by a released software (https://github.com/Yonsei-MILab/MRI-Motion-
Artifact-Simulation-Tool).

Normalization For image preprocessing, the resolution of all images in Supplementary Table 4 was resampled into 0.8 x 0.8 x 0.8 mm*"3, and
the resolution of images in the subsection 'Application on reconstruction 7T-like images from 3T MRIs' was resampled into
0.4 x0.4 x0.4 mmA3.

Normalization template 1. For foetuses, we randomly selected a participant from the in-house collection as a template to perform histogram
matching for remaining participants.
2. For each age group from newborn infants to elderly individuals, we randomly selected a participant from the BCP as a
template to perform histogram matching for remaining participants.

Please refer to https://github.com/DBC-Lab/Brain_MRI_Enhancement/tree/main/Templates for all templates. >
=
Noise and artifact removal We do not engage in data collection; instead, we use previously collected data from other researchers to support our S
analysis. -
Volume censoring We do not engage in data collection; instead, we use previously collected data from other researchers to support our

analysis.




Statistical modeling & inference

Model type and settings No statistical modeling or reference was used in this study.
Effect(s) tested No effects were tested in this study.

Specify type of analysis: [ | whole brain || ROI-based X Both

We performed extraction of the cerebrum by leveraging an infant cerebrum-dedicated processing

Anatomical location(s) pipeline (http://www.ibeat.cloud).

Statistic type for inference No inference was used in this study.

(See Eklund et al. 2016)

Correction No correction was used in this study.
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Models & analysis

n/a | Involved in the study
|X| |:| Functional and/or effective connectivity

|X| |:| Graph analysis

|X| |:| Multivariate modeling or predictive analysis
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