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ARTICLE INFO ABSTRACT

Keywords: Purpose: To improve the quality of a fast multi-contrast MR protocol acquisition using deep learning.

MRI Materials and methods: 350 patients (age: 64 + 17 yrs; 155 male) underwent both a fast brain MR multi-contrast

Brain imaging sequence (NeuroMix), capturing five contrasts in a single 2.5-minute sequence, and conventional high-resolution

;?;if;\f[l;ahty imaging. This retrospective study was approved by the Stanford IRB (eProtocol 26147, IRB registration 6208).

Transformers The paired images were used to enhance resolution and image quality using a Swin U-Net Transformer (Swi-
nUNETR) approach, focusing on T1-weighted (T1w), T2-weighted (T2w), and T2 FLAIR images (NeuroMix-DL).
Evaluation included standard image quality metrics, such as the root mean squared error (RMSE) and a clinical
quality assessment using a five-point image quality scale (1 = poor, 5 = excellent). A pairwise t-test was
calculated to evaluate the values of the qualitative and quantitative metrics across the various image processing
approaches.
Results: We found significant improvement in image quality after applying the trained SwinUNETR, with RMSE
reductions of 42 + 3%, 33 + 2%, and 33 + 9% for T1w, T2w, and FLAIR images, respectively (p < 0.001 for all)
compared to original NeuroMix images, using conventional sequences as reference. The clinical readers found
higher image quality scores for NeuroMix-DL images compared to the original NeuroMix images (12 + 8%, 17 &+
11%, and 15 £+ 6% for Tlw, T2w, and FLAIR images, respectively). Visual quality assessment demonstrated
improvements in prevalent artifacts, including motion, herringbone artifact, inhomogeneity artifact, and RF
overflow.
Conclusion: The SwinUNETR model offers a viable approach for improving the quality of fast multi-contrast MR
images while effectively mitigating artifacts, improving the cost-benefit ratio of MRI.

1. Introduction

Magnetic resonance imaging (MRI) plays an important role in non-
invasive neuroimaging because of its excellent qualitative and quanti-
tative performance. However, its longer acquisition time can cause pa-
tient discomfort and motion, impacting satisfaction and anxiety levels
during scans for up to 30% of patients, mainly due to claustrophobia [1].
Faster scans can significantly enhance patient tolerance and satisfaction

during MRI procedures.

Several strategies have been explored to truncate the MRI scanning
time. These methods can be divided into conventional/analytical
methods and AI methods. The conventional methods include echo
planar imaging (EPI) [2], EPIMix [3], compressed sensing [4], parallel
imaging [5], radial k-space sampling [6], self-navigated techniques [7],
and stack-of-stars acquisition [8]. These methods can lead to geometric
distortion and signal dropouts due to magnetic field inhomogeneities
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[9]. This can be challenging in regions such as the brain, where high-
resolution, artifact-free images are crucial for accurate diagnosis.
Several authors have emphasized that no single technique is ideal for all
applications, and the best technique for a particular patient will depend
on the specific clinical scenario [10,11].

A recently developed sequence called NeuroMix can generate T1w,
T2w, T2 FLAIR, DWI, and 3D-EPI contrasts, including susceptibility-
weighted imaging, in one MRI sequence taking between 1:20 and 4
min for a full, unenhanced brain scan [12]. This method includes motion
robust single-shot and k-space segmented sequences to perform both EPI
and fast spin echo (FSE) readouts, reducing the time for a typical 5-
contrast examination by about 80%. While this initial report suggests
good performance for diagnosis of several neurological conditions, the
method is still limited by relatively low resolution, susceptibility arti-
facts, and issues with CSF and fat suppression. These factors could limit
applicability to detect and classify certain diseases properly, such as
edema in amyloid-related imaging abnormalities (ARIA-E), which can
be subtle and require excellent fluid suppression technique [13].

A recent comprehensive review of Al-based fast MR imaging covered
most of the recently developed models [14]. The authors concluded that
although these methods outperform conventional methods, motion ar-
tifacts may not be effectively addressed. There remains a need for fast
imaging, which can mitigate motion at its root source, and for Al
methods to enhance the quality of these images. In this study, we
developed and qualitatively evaluated three separate supervised
transformer-based models to enhance the image quality of the fast
NeuroMix MR protocol. Using conventional images with longer acqui-
sition times as the ground truth, we trained a model to improve the
quality of NeuroMix images and assessed them using signal processing
methods and a clinical reader study.

2. Material and methods

This retrospective study was approved by the Stanford University
Administrative Panel on Human Subjects in Medical Research (Institu-
tional Review Board), eProtocol 26,147 (IRB registration 6208),
approved on 22 January 2024, with a waiver of authorization under 45
CFR 164.512(i)(2)(ii)(A, B, C). The authors independently managed the
incorporation of any conflicting data or information.

2.1. Patient population

All studies were performed as part of clinical care, where the Neu-
roMix sequence is obtained immediately after scout imaging to provide
images in the case that the patient cannot tolerate the standard protocol.
This sequence was added to our institution’s routine brain and stroke
MRI protocols, and the scans were exclusively performed in patients
coming from the emergency department or the inpatient wards with
typical clinical indications for MR imaging. This cohort included 350
consecutive studies (mean age: 64 yrs, standard deviation [SD], 17
years; 155 male) and were gathered in 2022. More details about the
cohort are provided in Table 1.

Table 1
Demographic and clinical features.
Mean (y) SD
Age 64.7 17.5
Female Male
Sex 195 155
Diagnosis Normal Abnormal® Minor findings
101 106 143

Abnormalities included acute infarct, subacute infarct, cranial nerve lesions,
cavernous malformation, intraparenchymal hematoma, non-traumatic SAH,
amyloid angiopathy, demyelination, aneurysm, and post-XRT susceptibility
changes.

SD: Standard Deviation
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2.2. MRI data acquisition

All studies were performed at 3 T (Premier or MR750, GE Healthcare,
USA). All subjects underwent a fast NeuroMix sequence (2.5 min) and
conventional imaging. The Tlw, T2w, and FLAIR sequences were
selected for evaluation of image quality, as the conventional imaging for
these sequences had significantly higher resolution and image quality
compared to the NeuroMix images. The summed image duration of the
three NeuroMix sequences required 1 min (all sequences take 2.5 min),
while the summed image duration of the three conventional sequences
was 12.3 min. The imaging acquisition parameters for both the Neuro-
Mix and the conventional imaging are summarized in Table 2.

2.3. Data pre-processing

All the conventional images were resampled to the dimensions of the
NeuroMix size to reduce the computational cost. The images were co-
registered using Elastix software [15,16], followed by visual examina-
tion, with manual re-registration of any failed cases. The images un-
derwent N4 bias field correction with SimpleITK [17]. The images were
normalized between 0-1 and the values higher than 95% percentile
were capped at 1. Subsequently, the images were cropped to 176 x 224
x 144 size. Finally, all images were registered to a standard brain
template defined into the standard MNI stereotactic space using Elastix
software.

2.4. SwinUNETR model implementation

This study was conducted and reported in accordance with the
CLAIM (Checklist for Artificial Intelligence in Medical Imaging) guide-
lines, and the completed checklist is provided as supplementary material
[18,19].

An attention-based transformer, inspired from [20], was trained to
transform the low resolution NeuroMix images to conventional images.
The design includes an encoder, a bottleneck, a decoder, and skip con-
nections, primarily built around the Swin-transformer (Shifted win-
dows) module [20]. Images were divided into non-overlapping blocks
and linearly projected to create network input sequences. The encoder
used patch-merging blocks for signal down-sampling and Swin-
transformer blocks for representation learning, forming a hierarchical
representation. At the end of the encoder, a bottleneck made up of two
sequential Swin-transformer blocks, without any up- or down-sampling,
was used to create additional links between the encoder and decoder.

The Swin-transformer block, based on the concept of shifted-
windows [20], uses a regular division of patches at one level and a
shifted version at the next, enabling connections between varying win-
dow shapes via self-attention. The block includes a layer-norm (LN),
multihead self-attention (MSA), multi-layer perceptrons (MLP), and
several skip-connections. The architecture of the SwinUNETR is illus-
trated in Fig. 1. Five fold cross validation was performed for training and
testing.

The model was implemented in Python using the MONAI framework
built on PyTorch. All model training and inference were performed on a
workstation equipped with a NVIDIA Tesla V100-SXM2 GPU (32 GB
VRAM) and an Intel Xeon E5-2698 v4 CPU. Each model (T1w, T2w,
FLAIR) required approximately 17 h for training (5-fold cross-
validation) and around 30 s per volume for inference. The NeuroMix-
DL framework is therefore computationally efficient and suitable for
near real-time deployment in clinical workflows.

The models input are the NeuroMix-derived T1w, T2w, and FLAIR
images, where the corresponding conventional Tlw, T2w, and FLAIR
images serve as the training targets (ground truth). All training data
were fully paired, with each NeuroMix T1lw, T2w, and FLAIR volume
matched to its corresponding conventional volume from the same sub-
ject; paired samples were shuffled at the subject level prior to training,
and the model was trained using a 3D volume-based approach.
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Table 2

Imaging acquisition parameters.
Imaging Parameter T1 T2 FLAIR

Conventional NeuroMix Conventional NeuroMix Conventional NeuroMix

Acquisition plane Axial (GRE) Axial (EPI) Axial (SE) Axial (SSFSE) Axial (SE) Axial (SSFSE)
Repetition time (msec) 7.2 17 4991 3850 6000 30,000
Echo time (msec) 2.9 7.4 96 156 114 156
Flip angle (degrees) 9 90 111 90 90 90
Slice thickness (mm) 2 1.2 3 5 2 5
Acquisition matrix 512 x 512 256 x 256 512 x 512 256 x 256 512 x 512 256 x 256
Acquisition time (msec) 101 22 101 15 95 23
Time reduction (%) 78% 85% 76%

GRE: Gradient Echo Sequences, EPI: Echo Planar Imaging, SE: Spin Echo,
SSFSE: Single Shot Fast Spin Echo.
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Fig. 1. Overview of the Swin UNETR architecture. The input to the model is a 3D NeuroMix MRI image volume, with different models trained for T1, T2 and FLAIR
separately. The SwWinUNETR creates non-overlapping patches of the input data and uses a patch partition layer to create windows with a desired size for computing
the self-attention. The encoded feature representations in the Swin transformer are fed to a CNN-decoder via skip connections at multiple resolutions. For training,

the output of model was the corresponding conventional sequence with higher resolution.

2.5. Assessments of image quality

The predicted images were first visually inspected for any possible
artifacts or unexpected abnormalities. Standard signal processing met-
rics such as the Structural Similarity Index (SSIM) [21] (Eq. (1), Root
Mean Squared Error (RMSE) (Eq. (2), and Peak Signal-to-Noise Ratio
(PSNR) (Eq. (3), were calculated between the NeuroMix and NeuroMix-
DL images by assuming the conventional images as ground truth.

(2p'xp’y + cl)(zcxy + Cz)
02+ 15 T e (e 17 + )

(€8]

SSIM(x,y) =

Here, p,, p, represent the average of x(Predicted image), and y
(Reference image) images and o2, 03 represent their variance, respec-
tively. oy, denotes the covariance between the x and y images. ¢; =
(le)2 ,Cop = (kzL)z, k;=0.01 andk; = 0.03 were selected by default to

prevent division by very small numbers (L is the dynamic range of the

pixel values).

RMSE (x,y) = )

Here, N is the total number of voxels in predicted or reference images.

xmax
In Eq. (3), Xmax is the maximum value of the predicted image.

Difference maps between the NeuroMix and NeuroMix-DL images
and conventional images were generated to highlight the level of error
before and after the transformation. To assess whether the method led to
improved spatial resolution, we measured the full-width half maximum
(FWHM) of the septal nuclei, a structure typically <7.5 mm in most
adults [22].

The NeuroMix-DL and the NeuroMix images of each data set were
anonymized, their series numbers were randomized and along with the
corresponding conventional image presented to a board-certified
neuroradiologist with 3 years of experience. For each assessment, the
reader evaluated the conventional image and an unknown image (either
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NeuroMix or NeuroMix-DL) and assigned an image quality score to the
unknown image using a five-point scale: 1, uninterpretable; 2, poor; 3,
adequate; 4, good; and 5, excellent. 72 T1lw, 72 T2w and 89 FLAIR
images were chosen randomly for clinical evaluation. To evaluate intra-
reader agreement, 20 subjects were read twice.

2.6. Statistical analysis

A pairwise t-test was calculated to evaluate the values of the quali-
tative and quantitative metrics across the various image processing ap-
proaches. The mean reader scores for NeuroMix and NeuroMix-DL and
each sequence were calculated and reported separately. The percent
change in quality score improvement after applying deep learning
method was calculated. The Intraclass Correlation Coefficient (ICC) was
used to evaluate intra-reader reproducibility. Significance was consid-
ered at the P = 0.05 level, adjusting for multiple comparisons. Statistical
analyses were performed using MedCalc® version 22.009 (MedCalc
Software Ltd, Ostend, Belgium). ICC values were interpreted as follows:
values <0.5 indicate poor reliability, 0.5-0.75 moderate, 0.75-0.90
good, and >0.90 excellent reliability.

3. Results
3.1. Assessment of image quality

Qualitatively, the NeuroMix-DL images showed marked improve-
ment in image quality compared with the NeuroMix images and visually
resemble the conventional ground truth images in patients with and
without pathological changes (Fig. 2, extra examples in Supplemental
Figs. 1-3). The clinical reader observed several cases in which the con-
ventional images were affected by motion artifacts, while the shorter
acquisition time of the NeuroMix and NeuroMix-DL sequences appeared
to reduce the likelihood of such artifacts (Fig. 3). The NeuroMix-DL
images had higher PSNR and SSIM and lower RMSE in all sequences
when compared to the original NeuroMix images (Table 3). The model
reduced the RMSE by 42 + 3% (0.12 to 0.07), 33 + 2% (0.09 to 0.06),
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and 33 + 9% (0.12 to 0.08) and improved the SSIM by 5 + 3% (0.82 to
0.86), 5 + 1% (0.83 to 0.87) and 4 + 4% (0.71 to 0.74) for T1, T2, and
FLAIR, respectively (p-values all <0.001). There was evidence that the
method improved spatial resolution. The FWHM of the septal nuclei for
the conventional images was 7 + 3 mm, while for standard NeuroMix
and NeuroMix-DL, the corresponding measurement was 12 + 3 mm and
9 + 2 mm (p < 0.001) (Fig. 4).

While the model could enhance the quality of NeuroMix images, it
was unable to address artifacts present on the original NeuroMix images
(Fig. 5). For example, one subject had NeuroMix-related artifacts from a
right parietal ventriculoperitoneal shunt that limited evaluation of the
surrounding brain parenchyma in the right parietal and occipital lobes,
which were not improved following the application of the deep learning
model. We also observed several cases in which the model created a grid
artifact for some slices which otherwise remained interpretable. As ex-
pected, for subjects with motion artifact during NeuroMix acquisition,
the error was propagated to the model’s output.

3.2. Clinical readings

The image quality scores, assigned by the reader to each of the
NeuroMix and NeuroMix-DL volumes for each sequence, are shown in
Fig. 6 along with mean scores and the overall quality enhancement
percentage. The mean image quality score for the NeuroMix-DL images
was improved by 12 + 8% (3.1 £ 0.6 t0 3.5+ 0.5),17 £ 11% (2.8 0.6
to 3.3 £ 0.6), and 15 + 6% (3.3 £+ 0.7 to 3.8 £+ 0.7) for T1w, T2w, and
FLAIR respectively, compared to the original NeuroMix images. For all
the sequences and cases, the number of low scores (1-uninterpretable, 2-
poor, and 3-adequate) were reduced significantly after applying our
model (p < 0.001)). The intraclass correlation coefficients for the intra-
reader agreement study were 0.81 (95% CI: 0.79 to 0.92), 0.87 (95% CI:
0.78 to 0.94) and 0.76 (95% CI: 0.69 to 0.89) for T1w, T2w, and FLAIR
images, respectively, which indicate good intra-reader reliability
(Table 4).

(A) T1w- Subject 1 (B) T2w- Subject 2 (C) FLAIR- Subject 3
Conventional ~ Conventional Conventional ~ Conventional Conventional ~ Conventional
NeuroMix Conventional NeuroMix-DL vs. NeuroMix Conventional NeuroMix-DL vs. C i ix-DL vs.

VS.
NeuroMix NeuroMix-DL

VS. VS.
NeuroMix NeuroMix-DL NeuroMix-DL

NeuroMix

Fig. 2. The performance of the model on T1-weighted, T2-weighted, and FLAIR sequences for different subjects (A- 67 year-old female, B- 38 year-old male, and C-
58 year-old female). The first column is the NeuroMix sequence, which is the input to the model, the second column is conventional sequence as ground truth, and the
third column is the ‘output of model. The fourth and fifth columns show the difference map between the conventional and NeuroMix images and conventional and
NeuroMix-DL images. Difference color scale: —0.1 to + 0.1; red = overestimation, blue = underestimation relative to the conventional image.
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(A) Subject 1

Conventional  Conventional
NeuroMix Conventional NeuroMix-DL vs. Vs.
NeuroMix NeuroMix-DL
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(B) Subject 2

Conventional  Conventional

NeuroMix Conventional NeuroMix-DL vs. vs.
NeuroMix

NeuroMix-DL

Fig. 3. Examples of motion and susceptibility artifact on conventional MR images that obscures evaluation of adjacent surrounding structures. In these cases (A- 65
year-old female and B- 73 year-old male) the NeuroMix and NeuroMix-DL images are not affected. The fourth and fifth columns show the difference map between the
conventional and NeuroMix images and conventional and NeuroMix-DL images. Difference color scale: —0.1 to + 0.1; red = overestimation, blue = underestimation

relative to the conventional image.

Table 3

Quantitative signal processing assessment of the NeuroMix and NeuroMix-DL images considering the conventional images as reference. For all three metrics, higher
peak signal-to-noise ratio (PSNR), higher structural similarity (SSIM), and lower root mean square error (RMSE), the NeuroMix-DL images are superior. All pair-wise t

tests had P values less than 0.001.

Tiw T2w FLAIR

Average SD Average SD Average SD
PSNR Conv v NeuroMix 18.23 0.23 20.91 0.50 18.55 0.28
SSIM Conv v NeuroMix 0.82 0.01 0.83 0.02 0.71 0.01
RMSE Conv v NeuroMix 0.12 0.00 0.09 0.01 0.12 0.00
PSNR Conv v NeuroMix-DL 23.96 0.52 25.16 0.58 21.95 0.70
SSIM Conv v NeuroMix-DL 0.86 0.03 0.87 0.02 0.74 0.03
RMSE Conv v NeuroMix-DL 0.07 0.00 0.06 0.00 0.08 0.01
% PSNR increase 31.4 2.2 20.4 1.0 18.3 5.2
% SSIM increase 4.8 2.9 4.8 1.1 4.2 3.5
% RMSE decrease 41.7 3.0 33.3 2.1 33.3 8.8

SD: Standard Deviation, SSIM: Structural Similarity Index Metric, PSNR: Peak Signal-to-Noise Ratio, RMSE: Root Mean Square Error.

4. Discussion

This study aimed to assess the performance of a transformer-based
model for enhancing the image quality for NeuroMix, a fast multi-
contrast acquisition sequence. The transformer based models are an
active research field initiated by [20], aiming to apply the self-attention
capabilities of transformers, successful in natural language processing,
to image and vision related tasks. The NeuroMix protocol enables the
acquisition of five separate MR contrasts in about 2-3 min, including full
brain coverage. The T1w, T2w, and FLAIR low-quality images acquired

by NeuroMix were used separately as input of three transformer-based
models and the corresponding high-quality images (acquired by con-
ventional clinical protocol) were used as the target for synthesis. In
contrast to previous studies [23,24], which used different compressed
sensing methods such as undersampled k-space to generate the low-
quality images as input, we reconstructed the MR images directly from
a well-established protocol which does not have the limitations of other
fast scanning methods. The NeuroMix sequence contains motion-robust
single-shot sequences using EPI and FSE readouts (without EPI distor-
tions). This method is less affected by leakage artifacts that can occur in
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(A) Conventional

(B) NeuroMix
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(C) Neuromix-DL

=—d— Neuromix, FWHM = 12 mm

~—— Neuromix-Enhanced, FWHM =9 mm

—@i— Conventional, FWHM =7 mm

Fig. 4. Septal nuclei intensity line profiles measurements for a 61-year-old female. Axial views from T1-weighted images of conventional (A), NeuroMix (B), and
NeuroMix-DL (C) images. The septal nuclei signal intensity line profiles are shown below. NeuroMix-DL images demonstrate increased spatial resolution as measured
by the decreased width of this fine structure compared with the acquired NeuroMix images.

simultaneous multi-slice imaging or streaking artifacts that can affect
radial imaging.

We have shown that the NeuroMix-DL images had a smaller RMSE
compared with the NeuroMix images and a greater mean image quality
score as assessed with multiple image quality metrics and visual judg-
ment of an academic neuroradiologist. The reconstructed images were
observed to have sharper edges and reduced noise based on qualitative
assessment by the neuroradiologist, and this was quantitatively sup-
ported by increased PSNR values compared to the original NeuroMix
images. While transformer-based methods have been used to enhance
image quality for different MRI applications [25,26], it is critical to
validate whether they generalize beyond a particular scanner or practice
setting, given that many deep learning algorithms have shown worse
performance when applied to external test sets [27]. Moreover, these
cases were gathered sequentially, limiting selection bias and reflecting
the potential application of the algorithm in a real-world clinical setting.

Several studies have sought to improve images acquired with under-
sampled k-space using transformers. In a recent study, a Swin Trans-
former model was compared with other CNN models in the task of
compressed sensing, showing superior performance [28]. Other studies
such as Lorenzana et al. showcased the advantages offered by Kaleido-
scope token embeddings [29]. These embeddings offer enhanced global
image representations for low-frequency signals. They concluded that
the improvement was attributed to superior ability of transformers to
model global features, particularly compressed sensing artifacts. In
another study, the authors suggested a transformer-based model for MR
image super resolution reconstruction which consists of a multi-level
feature extraction module and a reconstruction module [30]. Their
model links frequency domain and spatial domain loss functions to
preserve the image details during image reconstruction. They showed
their model can generate high-resolution images with SSIM of 0.91 and
mean absolute error of 25.82 from images with the sampling ratio of
50%, but did not perform a reader study to understand the clinical
performance of their model. ReconFormer is a model which uses
recurrent transformer models to progressively rebuild high-quality MR

images using highly under-sampled k-space data, achieving up to an 8-
fold acceleration [31]. MFormer is an expedited MRI reconstruction
transformer comprised of cascading MFormer blocks housing multi-
scale Dynamic Deformable Swin Transformer (DST) modules. The DST
modules align adjacent slice features implicitly, utilizing dynamic
deformable convolution, and extract both local and non-local features
before merging information [32]. In this study we used the advantages
of transformers as shown by these previous studies, to improve the
quality of a cutting-edge fast MR imaging sequence that can produce
multiple contrasts and evaluated the performance of the model both
clinically and quantitatively.

Although direct comparison across studies is limited due to differ-
ences in image size, preprocessing pipelines, and acceleration settings,
we contextualized our results by comparing relative improvements re-
ported in related work. For example, Huang et al. reported that, under a
30% sampling mask (about 70% k-space reduction), SwinMR increased
PSNR by about 32% for FLAIR (from 28.74 to 37.97) and by about 43%
for T1 (from 28.82 to 41.08), with SSIM increasing by about 58% to 61%
(from about 0.60 to about 0.94 to 0.95) compared with zero-filled
baseline [33]. Dar et al. reported that, at 6x acceleration (about 83%
k-space reduction), PSFNet improved PSNR by about 6% for ¢T1 (from
35.8 to 37.8) and SSIM by about 3% (from 0.916 to 0.944) compared
with a conventional parallel imaging baseline (SPIRiT), with similar
trends for T2 [34]. In our study, NeuroMix-DL improved PSNR relative
to NeuroMix by 31.4% (from 18.23 to 23.96) for Tlw, 20.4% (from
20.91 to 25.16) for T2w, and 18.3% (from 18.55 to 21.95) for FLAIR,
with SSIM improvements of 4.9% (from 0.82 to 0.86), 4.8% (from 0.83
to 0.87), and 4.2% (from 0.71 to 0.74), while leveraging the previously
reported NeuroMix acquisition time reduction of about 80% versus
conventional multi contrast imaging.

Direct comparison across studies should still be interpreted
cautiously because most accelerated MRI reconstruction papers create
undersampled inputs retrospectively from the same fully sampled k-
space, so the input and ground truth images are perfectly aligned vox-
elwise, which favours higher PSNR and SSIM. In contrast, our ground
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(A) Subject 1

Conventional
NeuroMix Conventional NeuroMix-DL VS. VSs.
NeuroMix
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Conventional

NeuroMix-DL
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(B) Subject 2

Conventional  Conventional

NeuroMix Conventional NeuroMix-DL VS. VS.
NeuroMix

NeuroMix-DL

"., : O
S (_’ )*_,
& T e

Fig. 5. Artifacts seen in two subjects (A- 58-year-old female and B- 49-year-old male). The panel A shows a subject with artifacts on NeuroMix T1-weighted imaging
from a right parietal ventriculoperitoneal shunt, which limits detailed evaluation of the surrounding brain parenchyma in the right parietal and occipital lobes (red
arrow). For a few cases, the model causes a grid artifact for some slices (orange arrow). The panel B shows a subject with motion artifact during NeuroMix
acquisition, which propagated to the model’s output. The fourth and fifth columns show the difference map between the conventional and NeuroMix images and
conventional and NeuroMix-DL images. Difference color scale: —0.1 to + 0.1; red = overestimation, blue = underestimation relative to the conventional image.
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Fig. 6. Clinical image quality scores (1 = uninterpretable, 5 = excellent; mean scores and standard deviation of all readings presented at top of each bar) for T1, T2
and FLAIR sequences assigned by the one reader. The green arrows show the mean percent improvement for the NeuroMix-DL images (all p < 0.001).

Table 4

The Intraclass Correlation Coefficient (ICC) for intra-reader reliability. ICC
values less than 0.5 indicate poor reliability, between 0.5 and 0.75 moderate
reliability, between 0.75 and 0.9 good reliability, and greater than 0.90 excel-
lent reliability.

T1 T2 FLAIR
ICC 95% CI ICC 95% CI ICC 95% CI
Single measures  0.81 0.79 to 0.87 0.78to 0.76  0.69 to
0.92 0.94 0.89

truth is an independently acquired conventional sequence and Neuro-
Mix is a real fast acquisition. Hence, co-registration and residual
distortion or motion differences between acquisitions can reduce PSNR
and SSIM, even when the clinical appearance and reader rated quality
improve.

The NeuroMix-DL images received notably higher ratings. This could
be attributed to two factors. First, the algorithm's extensive training on a
diverse range of cases results in additional noise reduction alongside the
intended super-resolution capabilities. Second, the reduced acquisition
times may limit the occurrence of motion-induced artifacts in patients.
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Quicker scans can also have a significant impact on patient satisfaction
and their ability to endure an MRI procedure, as up to 30% of patients
experience anxiety during examinations, largely due to claustrophobia
[1]. It should be noted that artifacts related to fast scanning were not
entirely removed using this approach, particularly susceptibility
artifact.

The present study is subject to several limitations. First, the sample
size was relatively small, there were limitations in the types of pathol-
ogies included, and all images came from a single center (though with
different individual scanner models). Future studies should consider
evaluating larger patient cohorts across multiple sites. This is especially
important for small lesions, as there are concerns about potential loss of
information in deep learning reconstruction [35]. However, a recent
empirical study found that transformer-based reconstruction methods
are robust to minimal changes and can accurately capture fine details
[23]. Also, there has not yet been a study to evaluate the clinical per-
formance of either NeuroMix or the use of NeuroMix-DL images with
respect to their utility in clinical practice, partially because of the recent
introduction of the method. Finally, the reader study did not include all
the images that were assessed with signal processing metrics, due to the
limited time and availability of the clinical reader. Evaluating Al algo-
rithms using reader studies is essential to understand performance in
clinical practice, but challenging to implement due to the high cost of
performing such studies.

While our proposed method shows promising results, it is important
to consider its application within the clinical context. The method
should currently serve as an adjunct to, rather than a replacement for,
conventional clinical decision-making processes. Further studies,
including prospective clinical trials, are required to validate its perfor-
mance and reliability in real-world settings.

In conclusion, our findings indicate that high-resolution imaging
studies could be significantly shortened by applying Al techniques to
NeuroMix multi-contrast MRI, improving the patient experience, scan-
ner efficiency, and reducing costs without compromising diagnostic
quality. However, further research is needed to evaluate the clinical
performance and reliability of NeuroMix-DL images in clinical settings.
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