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Résumé

L'IRM est essentielle dans la prise en charge des tumeurs cérébrales. Cependant, les longs
délais d'attente réduisent |'accessibilité des patients a cette modalité. La réduction du temps
d'acquisition pourrait améliorer |'acces, mais au détriment de la résolution spatiale et de Ia
qualité du diagnostic. Une solution d'intelligence artificielle (I1A) disponible dans le commerce,
SubtleMR®, peut augmenter la résolution des images acquises. L'objectif de cette étude
prospective était d'évaluer I'impact de cet algorithme qui divise par deux le temps
d'acquisition sur la détectabilité des lésions cérébrales en radiologie et radiothérapie.
Méthodes : Les IRM T1/T2 de 33 patients présentant des métastases cérébrales ou des
méningiomes ont été analysées. Les images acquises rapidement possédent une matrice
divisée par deux qui divise par deux le temps d'acquisition. La qualité visuelle et Ila
détectabilité des lésions des images IA ont été évaluées par des radiologues et des
radiothérapeutes, ainsi que l'intensité des pixels et la taille des Iésions.

Résultats : La qualité subjective de I'image est inférieure pour les images Al par rapport aux
images de référence. Cependant, I'analyse de la détectabilité des lésions montre une
spécificité de 1 et une sensibilité de 0,92 et 0,77 respectivement pour la radiologie et la
radiothérapie. Les lésions non détectées sur I'image IA sont des lésions d'un diamétre
inférieur a 4 mm et d'un contraste de rehaussement moyen en Gadolinium significativement
plus faible.

Conclusions : Il est possible de diviser par deux les temps d'acquisition de I''lRM en utilisant
I'algorithme commercial pour restituer les caractéristiques de I'image et obtenir une bonne

spécificité et sensibilité pour les lésions de diamétre supérieur a 4 mm.
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Abstract

Purpose: MRl is essential in the management of brain tumours. However, long waiting times
reduce patient accessibility. Reducing acquisition time could improve access but at the cost
of spatial resolution and diagnostic quality. A commercially available artificial intelligence (Al)
solution SubtleMR®, can increase the resolution of acquired images. The objective of this
prospective study was to evaluate the impact of this algorithm which halve the acquisition

time on the detectability of brain lesions in radiology and radiotherapy.

Methods: The T1/T2 MRI of 33 patients with brain metastases or meningiomas were analysed.
Images acquired quickly have a matrix divided by two which halve the acquisition time. The
visual quality and lesion detectability of the Al images were evaluated by radiologists and

radiation oncologist as well as pixel intensity and lesions size.

Results: The subjective quality of the image is lower for the Al images compared to the
reference images. However, the analysis of lesion detectability shows a specificity of 1 and a
sensitivity of 0.92 and 0.77 for radiology and radiotherapy respectively. Undetected lesions
on the IA image are lesions with a diameter less than 4mm and statistically low average

Gadolinium enhancement contrast.

Conclusions: It is possible to half MRI acquisition times by using the commercial algorithm to
restore the characteristics of the image and obtain good specificity and sensitivity for lesions

with a diameter greater than 4 mm.
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Introduction

Magnetic resonance imaging (MRI) is an important imaging modality tool in medicine for
cancer diagnosis and treatment. Despite the presence of more than 800 MRI on French
territory, the average time to obtain an appointment for this type of examination is about 32
days, higher than the waiting times desired by the 2014-2019 cancer plan of 20 days. Reducing
acquisition time would increase MRI availability and reduce the time to obtain an
appointment. There is therefore a real need to reduce this acquisition time to improve patient
care. However, reducing acquisition time is feasible only with a reduction of the acquisition
matrix or image averaging which decreases image quality [1]. Therefore, solutions to restore
image quality after acquisition time reduction are needed.

Artificial intelligence (Al) and especially deep learning, a subdomain of Al, has seen an
enormous advancements and application in medicine in recent years [2]. NYU Langone and
Facebook Al Research collaborated on a research project called “fastMRI”, which consists of
open datasets and benchmarks for accelerating MRI sequence acquisition. They focused on
brain and knee [3-5], and recently on prostate data [6]. Other applications exist for these
algorithms, ranging from image denoising to improving the rendering of exam images [7] to
super-resolution [8]. A super-resolution algorithm has been validated by the Food and Drug
Administration for routine clinical application, Subtle MR™. This solution has reduced scan
time acquisition by 40 % in spinal MRI [9] and a 60 % in brain MRI in multicentre and multi-
MRI studies [10]. To the best of our knowledge, only one study assessed the application of
the Al solution in assessing brain lesions, using a cohort of 25 patients, a 45 % reduction in

acquisition time was obtained with half of the number of phase-encode lines [11]. Despite
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these findings, none have addressed how the associated decrease in resolution because of
the shorter acquisition time, could potentially affect tumour delineation. In addition, no
information is available on the lesion size threshold for detectability when using the Al
solution. As it is a resampling problem for the algorithm, the issue could be to remove or to
create some lesions, especially the smaller ones. For this reason, in this prospective study, we
evaluated the impact of the Al solution, which halve the acquisition time on the therapeutic

management of small lesions such brain metastases.

Materials and Methods

Patients

This prospective study was approved by the local institutional review board. Thirty-three
patients presenting with brain metastases (BM) and meningioma (MG) referred to our
oncological centre between August 2022 and March 2023 were included. No prior selection
criteria was used, all patients referred to our centre, for diagnosis or treatment follow-up,
during the period were enrolled. Post-Gadolinium (Gd) T1 and T2 FLAIR brain imaging were
performed for initial diagnosis or treatment efficacy follow-up. MR-004, a national French
institution (INDS) defining health research conduct guidelines was used for this study. All
patients provided informed consent for the use of their data. The study population

characteristics are shown in Table 1.

Magnetic Resonance Imaging (MRI) acquisition

MRI was performed on an AREA SIEMENS 1.5 Tesla magnet using a brain dedicated 16

channels coil with the patient in a supine position. Prior to the examination patients were
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injected with 0.2 mL/kg of DOTAREM (500umol/ml). After a shimming process and scout
imaging scan, tumor gadolinium enhancement was detected with a post-Gd T1 brain
sequence. T2 FLAIR sequences were also used to evaluate oedema. Each sequence was
acquired in a clinical (reference, longer) and then in an accelerated way (half the time). Images
obtained from the accelerated sequences were then processed with the commercial Al

solution.

Clinical reference sequences: Post-Gd T1, (TR/TEeff=2070/3.15 msec; Angle=15°; NEX=1; 208
contiguous slices; resolution=0.5x0.5x1 mm; acquisition matrix = 512x512 pixels and
acquisition time=4min48). T2 FLAIR, (TR/TEeff=9640/131 msec; Angle=150°; NEX=1; 24
contiguous slices; resolution=1.5x1.5x5 mm; acquisition matrix = 320x320 pixels and

acquisition time=2min21).

Accelerated sequences: Post-Gd T1, (TR/TEeff=2070/3.15 msec; Angle=15°; NEX=1; 208
contiguous slices; resolution=0.5x0.5x1 mm; acquisition matrix = 256x256 pixels and
acquisition time=2min39). T2 FLAIR, (TR/TEeff=9640/131 msec; Angle=150°; NEX=1; 24
contiguous slices; resolution=1.5x1.5x5 mm; acquisition matrix = 160x160 pixels and

acquisition time=1min24).

Deep learning model

The commercially available deep learning model SubtleMR™, was used for resampling.
SubtleMR™ is based on a U-Net deep convolutional neural network backbone that was
previously trained on a large number of paired low- and high-resolution images acquired from

a variety of vendors, field strengths, and institutions. A new series with the same nominal
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resolution as the standard of care sequence was generated after applying the Al-enhanced

algorithm. This model is used for inference, without any local fine-tuning or adaptation.

Image Analysis and processing

Visual analysis: Reference and Al reconstructed images were reviewed by one experienced

radiologist and three experienced radiation oncologist on a Syngo.via viewing server (version
VB 30A, Siemens Healthcare) and Raystation™ solution (V11.B) respectively. Readers
attributed a global, whole-image quality (1Q) score to each MRl series: 1=poor; 2, 3=moderate;

4=good and 5=very good.

Semi-guantitative analysis:

Radiology: As part of routine image review, one radiologist evaluated the maximum length of
each lesion using Syngo.via™. Comparison of this value was made between reference and Al

reconstructed images.

Radiotherapy: Following a routine workflow in radiotherapy department, radiation oncologist
delimited in 3D volume of interest (VOI) the volume of each lesion using Raystation™ solution
(V11.B). Structural similarity index measure (SSIM) and Jaccard index were used to compare

the VOI delimited by the radiation oncologist on reference and Al reconstructed images.

Global: One dimension imaging profiles from left to right part of the brain patients were made
to compare accelerated and Al reconstruction impact. First order intensity evaluation was
performed using mean, standard deviation, min, max, skewness, kurtosis, signal to noise ratio
and absolute contrast. Specificity and sensitivity were evaluated to control potential
radiologist and radiation oncologist failure to detect lesions after Al reconstruction. Finally,

to evaluate the performance of the Al solution in comparison with the twice-shorter acquired
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images, maps of change in pixel value between Al reconstructed and reference images were

computed with Image) as follows:

abs(Postprocessing image — reference image) 100
*

reference image

To compare difference in similarity between reference to accelerated and Al images,
structural similarity index measure (SSIM) was used using the formula below:

SSIM(Pg, Py) = = Qupytip, + €1)(20p,0p, + ¢)
N & W2 + 12, + €)(0%p, + 0%, + )

Where:

N : Number of batch over which SSIM has been averaged
t_(P_Y)and p_(P_Y) : Mean of patches P_Y and P_Y respectively
o_(P_Y)and o_(P_¥): Deviation of patches P_Y and P_¥ respectively

¢_landc_2: Constants

Statistical analyses

All data are expressed as meanzSD. Student’s t-test was used to compare the different
guantitative metrics between reference and Al reconstructed images. All the statistical
analysis were performed using python [12] and SciPy library. All python codes used in the

analysis is available on https://github.com/AurelienCD/Impact-of-Al-MRI-solution-on-

clinical-routine.

Results

Visual analysis

The accelerated image with an acquisition matrix divided by two, present with low resolution

as illustrated in Figure 1. Al reconstruction improves some details in the image with large
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lesion (white arrow) easily distinguishable but smaller lesion (black arrow) suffering from loss

of detail.

Radiologist image quality scores are presented in Figure 2A. Due to the loss of detail during
the fast acquisition process not fully recover by the Al solution, radiologist IQ scores are lower
for Al images compared to reference images (mean score 4.79 + 0.43 vs 1.86 + 0.77,
***p<0.001 for reference and Al images respectively). As presented in Figure 2B, radiation
oncologist also evaluated the 1Q of the reference and Al images. Results are similar but some
Al image had the higher 1Q score (mean score 3.94 + 0.87 vs 2.72 + 0.89, ***p<0.001 for

reference and Al images respectively).

Further analysis of the differences between the three image groups, showed that right to left
axial profile showed a better the ability of the Al solution to recover spatial variation initially
lost by the accelerated acquisition (Figure 3A). As presented in Figure 3B, images obtained
with accelerated acquisition resulted in few variations of signal intensity thoughtout the axial
profile. Differences were observed between the signal differences in the centre region
corresponding to the cerebral ventricles for the reference image and the accelerated image
(light blue line vs dark blue line in Figure 3B). More interestingly, Al images reconstructed
from the accelerated image acquisition was comparable to the reference image with similar
amplitude variation, showing the ability of the Al solution to restore lost information (blue

line vs light blue line in Figure 3B).

Semi-quantitative analysis
First order signal intensity analysis of the whole image was firstly performed and revealed a

decrease in mean pixel value in accelerated and Al reconstructed images in comparison to
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reference images (p<0.001, Table 2). No difference was found for minimal, maximal and
skewness values whereas kurtosis decrease significantly (p<0.001). Interestingly, signal to
noise ratio increased significantly in the Al image in comparison to reference image (p<0.05).
To evaluate the ability of the Al solution to restore details lost by the accelerated images,
difference maps between accelerated and reference and Al and reference were computed.
Figure 4 illustrates the pixel value difference between the reference, accelerated and Al
images. The reference and accelerated image subtraction map notes a 60% difference in pixel
values in the contrast enhanced area. Interestingly, the Al solution was able to restore the
shape of the lesion with pixel value differences lower than 30 %. SSIM was then evaluated to
compare the similarity of accelerated and Al images to the reference. As shown by Figure 4,
SSIM was significantly higher in Al images in comparison to accelerated images (SSIM 0.5921

+0.0577 vs 0.5878 + 0.0588, **p<0.01 for Al and accelerated images respectively).

Impact of the Al solution on the detectability of the lesions

In this section, we evaluated lesion detectability as part of the routine clinical assessment by
radiologists and radiation oncologists. Radiologist evaluate the lesion max diameter while
radiation oncologists volumetrically outline three- lesions for radiotherapy planning
purposes.

Impact of Al solution on radiology department: As presented in Figure 5, lesion max diameters

are similarly drawn by the radiologist in the reference and in the Al images. No statistical
difference were observed in lesion max diameter (mean lesion max diameter (mm) 15.35 +
16.60 vs 14.38 + 14.62). However, two lesions were not detected by the radiologist in the Al
images in comparison to the lesions detected using the reference lesion. This result leads to

a specificity of 1 and a sensitivity of 0.92 in comparison to reference images. However, if we



©CoO~NOULA~,WNERE

Impact of a MRI Al solution on clinical radiology and radiotherapy processes. Lemaire 11

analyse the lesions missed by the radiologist in the Al images, it appeared that these lesions
are the smaller in dimension with max lengths of three and four millimetres respectively.
These results highlight the presence of a threshold for minimum lesions size to be detected

of 4 mm.

Impact of Al solution on radiotherapy department:

No significant differences were observed between volumes of interest drawn by the radiation
oncologist on the reference and the Al images. However, five lesions were missed by the
radiation oncologist in the Al images in comparison to the reference images. Specificity and
sensitivity were respectively 1 and 0.77. As for the radiology part, lesions missed were smaller
in dimension, with volumes below 0.12 cm?3. It can also be noted that these lesions have a
significant lower contrast enhancement in comparison to the other lesions (absolute contrast

0.007 £ 0.0028 vs 0.0154 + 0.0074 for Al and reference images respectively, p<0.05).

Discussion

Too long delays in acquiring MRI lead to a long waiting times for the patients in urgent need
of medical interventions. Many research groups, MRI manufacturers or even start-ups are
developing solutions to enable faster acquisition without losing the diagnostic quality of the
images. In our study, we analysed one of these solutions, SubtleMR™. We specifically
evaluated whether this solution is able to reconstruct an image acquired two times faster
than the acquisition time in clinical routine without appreciable loss in image quality as

required for the routine clinical management of these patients.
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Image reconstruction time using SubtleMR™ was about 1 min 30 sec, which is 30 sec longer
than previously reported in literature [9]. This difference could be explainable by the fact that
the Al solution was performed on a remote computer, not directly on a GPU connected to the
MRI. However, images transfer and processing did not required human intervention and
therefore fits into a clinical workflow.

Concerning the visual analysis, Bash and colleagues [9], have shown similar image quality for
reference and Al reconstructed images. In our study, radiologist and radiation oncologists
found lower image quality for Al images. This difference with the literature may be due to the
fact that the matrix is only divided by two on the phase encoding axis where we have chosen
to divide it on the x and the y-axis to give a significant time acquisition reduction. However,
as for the cited study, we show that the Al solution is able to restore image details, which
were lost during the accelerated acquisition process.

Since the images used for testing in this study were acquired on a different MRI than that
used to train SubtleMR™, an adaptation of the learned features to capture the characteristics
of the different MRI could potentially improve results. The participants of the fastMRI 2020
challenge pointed out that fine-tuning is required before application to clinical data [5].
Sarasaen and colleagues [13] show that when transferring a model trained on a benchmark
dataset, fine-tuning on a new MRI with one subject-specific prior planning scan, improves the
reconstruction quality. Hu and colleagues show that fine-tuning reduces aliasing artefacts
while also increasing PSNR, SSIM and decreasing NRMSE [14].

Concerning the semi-quantitative analysis, in literature studies [7,15] the values of signal
intensity collected on the Al image are generally closer to the values in the reference image,
than to that of the accelerated image. In our study, the phenomenon is also present. This

observation was also valid for standard deviation, kurtosis and signal to noise ratio. Signal to
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noise ratio increase because of a decrease in the noise in the Al reconstructed images as
shown by other studies [16]. As for the study by Jin and colleagues [8], our results showed
SSIM with reference images higher in Al images in comparison to accelerated images.
Concerning the impact of the Al solution on lesion detectability and delineation, max
diameters and three-dimension delimitations by radiologist and radiation oncologist
respectively were not significantly different using reference or Al images. This conclusion is in
line with the literature showing that Al solutions need to be improved but are sufficient to
safely use in clinical routine [2]. As we have shown in a previous study using an Al solution
with PET imaging [17]), missed lesions correspond only to small lesions with low radiotracer
uptake which will have limited impact on the clinical therapeutic care and patient outcome.
Finally, it is important to balance the performance of an Al solution applied on final MRI
images in comparison to an Al algorithm developed using a raw MRI signal as K-space. In the
literature, several articles use K-space images as input with better results, because more
information can be found in that image rather than final MRl image [18-20]. However, in a
clinical situation it is often not possible to have routine access to the k-space except for

directly embedded Al solutions from the manufacturer.

Conclusion

In a busy MRI clinical department, the Al solution could be used to great effect to increase
patient throughput without an appreciable decrease in resolution. This was demonstrated in
the comparable assessment of brain lesions with diameters > 4 mm by oncologists and
radiologists alike. Future multicentric studies, including other MRI sequences and tumour

sites, are warranted.
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Table 1: Description of the patient cohort / Description de la cohorte de patient

Included patients (N) 33 Number
Sex 55% Female %
66.33+12.35 MeanzSD
Age (Y)
[28-93] [range]

Lesion origin

Brain metastases (BM) 28 (85% )
- From Lung cancer - 12 (43%)
- From Breast cancer - 5(18%)
- From Kidney cancer - 2(7%)
Number (%)
- From Digestive cancer - 1(4%)
- From Melanoma cancer - 4(14%)
- From Gynecologic cancer - 3(11%)
- From Pancreatic cancer - 1(4%)
Meningiomas 5(15% )
Total number of BM 94
Number
Number of BM per patient 1.5+0.71

Table 2: Semi-quantitative analysis of the signal intensity in the global image / Analyse semi-
guantitative de l'intensité du signal dans I'image entiere

) ) Signal to
Mean (SD) Min Max |Skewness| Kurtosis ) ]
noise ratio
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Reference image 189 (61.40) 203.6 626.5 -0.45 2.27 0.46
_ 165.73 (58.75) 0.29
Accelerated image - 178.5 514.7 -0.46 0.71 *
%k %k k
, 166.91 (56.15) 0.29

Al image r 179.2 | 506.6 | -0.49 0.70 *
%k %k k

Figure 1: Representative MRI of reference image, accelerated image and Al reconstructed
image in brain presenting brain metastases. Large lesion (white arrow) and small lesion (black
arrow) were distinguishable after the Al reconstruction process / Images représentatives
d’une IRM cérébrale T1 post-Gd acquise dans le protocole de référence, rapidement et avec
la reconstruction par IA. Les grandes lésions (fleche blanche) et les petites lésions (fleche
noire) pouvaient étre distinguées aprés le processus de reconstruction par IA.

Figure 2: Impact of Al reconstruction on visual MRI 1Q. 1Q score frequencies for reference MRI
and Al reconstructed MRI based on radiologist (A) and radiation therapist (B) notations.
1=poor; 2, 3=moderate; 4=good and 5=very good. / Impact de la reconstruction par IA sur la
gualité d’'image notée par les radiologues (A) et par les radiothérapeutes (B). 1=médiocre ; 2,
3=modéré ; 4=bon et 5=tres bien.

Figure 3: Axial profile signal intensity (A) for representative reference, accelerated and Al
reconstructed images (B). / Profil axial (A) d’intensité d’'images de référence, accélérée et
reconstruite par IA (B)

Figure 4: Effect of accelerated acquisition and Al solution on BM signal intensity.
Representative MRI of reference images (left), difference map with accelerated acquisition
images (middle) and Al reconstruction images (right). / Impact de l'acquisition accélérée et de
la solution Al sur l'intensité du signal des MC. IRM représentative des images de référence (a
gauche), carte de différence entre les images d'acquisition accélérée et la référence (au milieu)
et entre les images de reconstruction Al et la référence (a droite).

Figure 5: Impact of Al solution on lesion max diameters delimitation by radiologist / Impact de
I'algorithme d’IA sur le plus grand diametre de la lésion tracé par le radiologue
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arrow) were distinguishable after the Al reconstruction process / Images représentatives
d’une IRM cérébrale T1 post-Gd acquise dans le protocole de référence, rapidement et avec
la reconstruction par IA. Les grandes lésions (fleche blanche) et les petites lésions (fleche
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3=modéré ; 4=bon et 5=tres bien.

Figure 3: Axial profile signal intensity (A) for representative reference, accelerated and Al
reconstructed images (B). / Profil axial (A) d’intensité d’images de référence, accélérée et
reconstruite par IA (B)

Figure 4: Effect of accelerated acquisition and Al solution on BM signal intensity.
Representative MRI of reference images (left), difference map with accelerated acquisition
images (middle) and Al reconstruction images (right). / Impact de l'acquisition accélérée et de
la solution Al sur l'intensité du signal des MC. IRM représentative des images de référence (a
gauche), carte de différence entre les images d'acquisition accélérée et la référence (au milieu)
et entre les images de reconstruction Al et la référence (a droite).
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Figure 1: Representative MRI of reference image, accelerated image and Al reconstructed
image in brain presenting brain metastases. Large lesion (white arrow) and small lesion (black
arrow) were distinguishable after the Al reconstruction process / Images représentatives
d’une IRM cérébrale T1 post-Gd acquise dans le protocole de référence, rapidement et avec
la reconstruction par IA. Les grandes lésions (fleche blanche) et les petites lésions (fleche
noire) pouvaient étre distinguées aprés le processus de reconstruction par IA.

Figure 2: Impact of Al reconstruction on visual MRI 1Q. 1Q score frequencies for reference MRI
and Al reconstructed MRI based on radiologist (A) and radiation therapist (B) notations.
1=poor; 2, 3=moderate; 4=good and 5=very good. / Impact de la reconstruction par IA sur la
gualité d’'image notée par les radiologues (A) et par les radiothérapeutes (B). 1=médiocre ; 2,
3=modéré ; 4=bon et 5=tres bien.

Figure 3: Axial profile signal intensity (A) for representative reference, accelerated and Al
reconstructed images (B). / Profil axial (A) d’intensité d’images de référence, accélérée et
reconstruite par IA (B)

Figure 4: Effect of accelerated acquisition and Al solution on BM signal intensity.
Representative MRI of reference images (left), difference map with accelerated acquisition
images (middle) and Al reconstruction images (right). / Impact de l'acquisition accélérée et de
la solution Al sur l'intensité du signal des MC. IRM représentative des images de référence (a
gauche), carte de différence entre les images d'acquisition accélérée et la référence (au milieu)
et entre les images de reconstruction Al et la référence (a droite).

Figure 5: Impact of Al solution on lesion max diameters delimitation by radiologist / Impact de
I'algorithme d’IA sur le plus grand diameétre de la lésion tracé par le radiologue



