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a  b  s  t  r  a  c  t

Purpose.  – MRI  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  (AI)  solution,  SubtleMRTM,  can
increase  the  resolution  of acquired  images.  The  objective  of  this  prospective  study  was  to evaluate  the
impact  of  this  algorithm  that  halves  the  acquisition  time  on  the  detectability  of  brain  lesions  in  radiology
and  radiotherapy.
Material  and methods.  –  The  T1/T2  MRI  of  33  patients  with  brain  metastases  or meningiomas  were anal-
ysed.  Images  acquired  quickly  have  a matrix  divided  by two  which  halves  the acquisition  time.  The  visual
quality and  lesion  detectability  of  the AI  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  AI  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  4 mm  and  statistically  low  average  gadolinium-enhancement  contrast.
Conclusion.  – It is  possible  to reduce  MRI acquisition  times  by half  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.

©  2024  Société  franç aise  de  radiothérapie  oncologique  (SFRO).  Published  by  Elsevier  Masson
SAS.  All  rights  are  reserved,  including  those  for  text  and  data  mining,  AI  training,  and  similar  technologies.
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r  é  s  u  m  é

Objectif  de  l’étude.  – L’IRM  est  essentielle  dans  la prise  en  charge  des  tumeurs  cérébrales.  Cependant,
les  longs  délais  d’attente  réduisent  l’accessibilité  des  patients  à  cette  modalité.  La réduction  du  temps
d’acquisition  pourrait  améliorer  l’accès,  mais  au détriment  de  la résolution  spatiale  et  de  la  qualité  du
diagnostic.  Une  solution  d’intelligence  artificielle  disponible  dans  le  commerce,  SubtleMRTM,  peut  aug-
menter  la  résolution  des  images  acquises.  L’objectif  de cette  étude  prospective  était  d’évaluer  l’impact
de  cet  algorithme  qui  divise  par  deux  le temps  d’acquisition  sur  la  détectabilité  des  lésions  cérébrales  en
radiologie  et  radiothérapie.
Matériel et méthodes.  – Les  IRM pondérées  en  T1/T2  de 33  patients  atteints  de  métastases  cérébrales  ou
de  méningiomes  ont  été  analysées.  Les  images  acquises  rapidement  possèdent  une matrice  divisée  par
deux qui  divise  par  deux  le  temps  d’acquisition.  La  qualité  visuelle  et  la  détectabilité  des  lésions  des
images  d’intelligence  artificielle  ont été  évaluées  par  des  radiologues  et  des  radiothérapeutes,  ainsi  que
l’intensité  des  pixels  et la taille  des  lésions.
Résultats.  –  La  qualité  subjective  de  l’image  est  inférieure  pour  les  images  d’intelligence  artificielle  par
rapport  aux  images  de  référence.  Cependant,  l’analyse  de  la  détectabilité  des  lésions  montre  une  spé-
cificité  de  1  et  une sensibilité  de  0,92 et 0,77 respectivement  pour  la  radiologie  et la radiothérapie.  Les
lésions  non  détectées  sur l’image  d’intelligence  artificielle  sont  des  lésions  d’un  diamètre  inférieur  à 4  mm
et d’un  contraste  de  rehaussement  moyen  significativement  plus  faible  après  injection  de  gadolinium.
Conclusion.  – Il est possible  de diviser  par  deux  les  temps  d’acquisition  de  l’IRM  en  utilisant  l’algorithme
commercial  pour  restituer  les  caractéristiques  de  l’image  et obtenir  une  bonne  spécificité  et  sensibilité
pour  les  lésions  de  diamètre  supérieur  à  4 mm.

© 2024  Société  franç aise  de  radiothérapie  oncologique  (SFRO).  Publié  par  Elsevier  Masson  SAS. Tous
droits  réservés,  y compris  ceux  relatifs à  la fouille  de  textes  et de  données, à  l’entraı̂nement

de  l’intelligence  artificielle  et aux  technologies  similaires.
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sequences were also used to evaluate oedema. Each sequence was
1. 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 exam-
ination 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 acquisi-
tion 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 (AI) and especially deep learning, a subdo-
main of AI, has seen an enormous advancements and application
in medicine in recent years [2]. NYU Langone and Facebook AI
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, and recently
on prostate data [3–6]. Other applications exist for these algo-
rithms, ranging from image denoising to improving the rendering
of exam images to super-resolution [7,8]. A super-resolution algo-
rithm has been validated by the US Food and Drug Administration
for routine clinical application, SubtleMRTM. This solution has
reduced scan time acquisition by 40% in spinal MRI  and 60% in brain
MRI  in multicentre and multi-MRI studies [9,10]. To the best of our
knowledge, only one study assessed the application of the AI solu-
tion in assessing brain lesions, using a cohort of 25 patients, a 45%
reduction in acquisition time was obtained with half of the num-
ber of phase-encode lines [11]. Despite these findings, none have
addressed how the associated decrease in resolution because of
the shorter acquisition time, could potentially affect tumour delin-

eation. In addition, no information is available on the lesion size
threshold for detectability when using the AI solution. As it is a
resampling problem for the algorithm, the issue could be to remove
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r to create some lesions, especially the smaller ones. For this rea-
on, in this prospective study, we evaluated the impact of the AI
olution, which halves the acquisition time on the therapeutic man-
gement of small lesions such brain metastases.

. Materials and methods

.1. Patients

This prospective study was approved by the local institutional
eview board. Thirty-three patients presenting with brain metas-
ases and meningioma referred to our oncological centre between
ugust 2022 and March 2023 were included. No prior selection cri-

erion was  used; all patients referred to our centre, for diagnosis
r treatment follow-up during the period, were enrolled. Post-
adolinium T1 and T2 fluid attenuated inversion recovery (FLAIR)
rain imaging were performed for initial diagnosis or treatment
fficacy follow-up. MR-004, a French national rule (Institut national
es données de santé [INDS]) defining health research conduct
uidelines was  used for this study. All patients provided informed
onsent for the use of their data. The study population characteris-
ics are shown in Table 1.

.2. Magnetic resonance imaging (MRI) acquisition

MRI  was performed on an Area Siemens 1.5 T magnet using
 brain dedicated 16 channels coil with the patient in a supine
osition. Prior to the examination patients were injected with
.2 mL/kg of Dotarem® (500 �mol/mL). After a shimming process
nd scout imaging scan, tumour gadolinium enhancement was
etected with a post-gadolinium T1 brain sequence. T2 FLAIR
cquired in a clinical (reference, longer) and then in an acceler-
ted way  (half the time). Images obtained from the accelerated
equences were then processed with the commercial AI solution.
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Table  1
Impact of an MRI  artificial intelligence (AI) solution on clinical radiology and radio-
therapy processes: description of the patient cohort.

Number of included patients 33
Sex 55% female
Age (years)

Mean ± SD 66.33 ± 12.35
Range [28–93]

Lesion origins, n (%)
Brain metastases 28 (85%)

From lung cancer 12 (43%)
From breast cancer 5 (18%)
From kidney cancer 2 (7%)
From digestive cancer 1 (4%)
From melanoma 4 (14%)
From gynaecologic cancer 3 (11%)
From pancreatic cancer 1 (4%)

Meningiomas 5 (15%)
Total number of brain metastases 94
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Number of brain metastases per patient 1.5 ± 0.71

SD: standard deviation.

Parameters for the clinical reference sequences and accelerated
sequences are reported in Table 2.

2.3. Deep learning model

The commercially available deep learning model SubtleMRTM

was used for resampling. This tool is based on a U-Net deep convo-
lutional 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 resolution as the standard of care
sequence was generated after applying the AI-enhanced algorithm.
This model is used for inference, without any local fine-tuning or
adaptation.

2.4. Image analysis and processing

2.4.1. Visual analysis
Reference and AI-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 RaystationTM solution (V11.B) respectively. Readers attributed
a global, whole-image quality (IQ) score to each MRI  series:

• 1: poor;
• 2 or 3: moderate;
• 4: good;
• 5: very good.
2.4.2. Semi-quantitative analysis
2.4.2.1. Radiology. As part of routine image review, one radiologist
evaluated the maximum length of each lesion using Syngo.viaTM.

t
l
o
c

Table 2
Study on the impact of an MRI  artificial intelligence solution on clinical radiology and rad

Clinical reference sequences 

Post-gadolinium T1 T2 FLAIR 

TR/TEeff (ms) 2070/3.15 9640/131 

Angle  (◦) 15 150 

NEX  1 1 

Number of slices 208 contiguous slices 24 contigu
Resolution (mm) 0.5 × 0.5 × 1 1.5 × 1.5 ×
Acquisition matrix (pixels) 512 × 512 320 × 320
Acquisition time 4 min  48 2 min  21 

FLAIR: fluid attenuated inversion recovery; TR: repetition time; TEeff: effective echo time

3

 PRESS
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omparison of this value was made between reference- and AI-
econstructed images.

.4.2.2. Radiotherapy. Following a routine workflow in the radio-
herapy department, a radiation oncologist delimited a three-
imensional volume of interest for each lesion using RaystationTM

olution (V11.B). Structural similarity index measure and Jaccard
ndex were used to compare the volume of interest delimited by the
adiation oncologist on reference- and AI-reconstructed images.

.4.2.3. Global. One dimension imaging profiles from left to right
art of the brain patients were made to compare accelerated
nd AI reconstruction impact. First order intensity evaluation was
erformed using mean, standard deviation, min, max, skewness,
urtosis, signal to noise ratio and absolute contrast. Specificity and
ensitivity were evaluated to control potential radiologist and radi-
tion oncologist failure to detect lesions after AI reconstruction.
inally, to evaluate the performance of the AI solution in compar-
son with the twice-shorter acquired images, maps of change in
ixel value between AI-reconstructed and reference images were
omputed with ImageJ as follows:

abs (Postprocessing image − reference image)
reference image

× 100

To compare difference in similarity between reference to accel-
rated and AI images, structural similarity index measure was  used
sing the formula below:

SIM
(

PŶ , PY

)
= 1

N

∑

P
Ŷ

PY

(
2�P

Ŷ
�PY

+ c1
)  (

2�P
Ŷ

�PY
+ c2

)
(

�2
P

Ŷ
+ �2

PY
+ c1

)(
�2

P
Ŷ

+ �2
PY

+ c2
)

With:

SSIM: structural similarity index measure;
N: number of batches over which structural similarity index mea-
sure has been averaged;
�(P Y) and �(P Ŷ): mean of patches PY and PŶ respectively;
�(P Y) and �(P Ŷ): deviation of patches PY and PŶ respectively;
c1 and c2: constants.

.5. Statistical analyses

All data are expressed as mean ± standard deviation. Stu-
ent’s t-test was  used to compare the different quantitative
etrics between reference and AI-reconstructed images. All
he statistical analysis were performed using python and SciPy
ibrary [12]. All python codes used in the analysis is available
n https://github.com/AurelienCD/Impact-of-AI-MRI-solution-on-
linical-routine.

iotherapy processes: parameters of MRI  acquisition sequences.

Accelerated sequences

Post-gadolinium T1 T2 FLAIR

2070/3.15 9640/131
15 150
1 1

ous slices 208 contiguous slices 24 contiguous slices
 5 0.5 × 0.5 × 1 1.5 × 1.5 × 5

 256 × 256 160 × 160
2 min  39 1 min 24

; NEX: number of excitations.

https://github.com/AurelienCD/Impact-of-AI-MRI-solution-on-clinical-routine
https://github.com/AurelienCD/Impact-of-AI-MRI-solution-on-clinical-routine
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Fig. 1. Impact of an MRI  artificial intelligence (AI) solution on clinical radiology and radiotherapy processes: representative images of reference, accelerated and AI-
reconstructed MRI  of a brain with metastases. Large (white arrow) and small (black arrow) lesions were distinguishable after the AI reconstruction process.
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Fig. 2. Impact of artificial intelligence (AI) reconstruction on visual MRI  image qual
on  radiologist (A) and radiation therapist (B) notations. 1: poor; 2, 3: moderate; 4: g

3. Results

3.1. Visual analysis

The accelerated image with an acquisition matrix divided by
two, presents with low resolution as illustrated in Fig. 1. AI recon-
struction improves some details in the image with large lesion
(white arrow) easily distinguishable but smaller lesion (black
arrow) suffering from loss of detail.

Radiologist image quality scores are presented in Fig. 2A. Due
to the loss of detail during the fast acquisition process not fully
recovered by the AI solution, radiologist image quality scores are
lower for AI images compared to reference images (mean score
4.79 ± 0.43 versus 1.86 ± 0.77, P < 0.001 for reference and AI images,
respectively). As presented in Fig. 2B, radiation oncologist also eval-
uated the image quality of the reference and AI images. Results are
similar but some AI image had the higher image quality score (mean
score 3.94 ± 0.87 versus 2.72 ± 0.89, P < 0.001 for reference and AI
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 AI solution to recover spatial variation initially lost
by the accelerated acquisition (Fig. 3A). As presented in Fig. 3B,
images obtained with accelerated acquisition resulted in few vari-
ations of signal intensity throughout 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 versus dark blue line in
Fig. 3B). More interestingly, AI images reconstructed from the accel-
erated image acquisition was comparable to the reference image

s
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 B: image quality score frequencies for reference- and AI-reconstructed MRI based
5: very good.

ith similar amplitude variation, showing the ability of the AI solu-
ion to restore lost information (blue line versus light blue line
n Fig. 3B).

.2. Semi-quantitative analysis

First order signal intensity analysis of the whole image was
rstly performed and revealed a decrease in mean pixel value

n accelerated and AI-reconstructed images in comparison to ref-
rence images (P < 0.001, Table 3). No difference was  found for
inimal, maximal and skewness values whereas kurtosis decrease

ignificantly (P < 0.001). Interestingly, signal to noise ratio increased
ignificantly in the AI image in comparison to reference image
P < 0.05).

To evaluate the ability of the AI solution to restore details
ost by the accelerated images, difference maps between accel-
rated and reference and AI and reference were computed.
ig. 4 illustrates the pixel value difference between the refer-
nce, accelerated and AI images. The reference and accelerated
mage subtraction map  notes a 60% difference in pixel values
n the contrast enhanced area. Interestingly, the AI solution was
ble to restore the shape of the lesion with pixel value dif-
erences lower than 30%. Structural similarity index measure
as then evaluated to compare the similarity of accelerated

nd AI images to the reference. As shown by Fig. 4, structural

imilarity index measure was  significantly higher in AI images
n comparison to accelerated images (SSIM: 0.5921 ± 0.0577
ersus 0.5878 ± 0.0588, P < 0.01 for AI and accelerated images,
espectively).
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Fig. 3. Impact of an MRI  artificial intelligence (AI) solution on clinical radiology and radiotherapy processes. A. Brain MRI, accelerated acquisition. B. Axial profile signal
intensity for representative reference, accelerated and AI-reconstructed images.

Table 3
Impact of an MRI  artificial intelligence (AI) solution on clinical radiology and radiotherapy processes: semi-quantitative analysis of the signal intensity in the global image.

Mean (SD) Minimum Maximum Skewness Kurtosis Signal to noise ratio

Reference image 189 (61.40) 203.6 626.5 –0.45 2.27 0.46
Accelerated image 165.73 (58.75)*** 178.5 514.7 –0.46 0.29*** 0.71*

506.6

3

d
d
maximal diameter: 15.35 ± 16.60 mm versus 14.38 ± 14.62 mm).
AI  image 166.91 (56.15)*** 179.2 

SD: standard deviation.*p < 0.05; **p < 0.01; ***p < 0.001.

3.3. Impact of the AI 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 oncolo-
gists. Radiologists evaluate the lesion max  diameter while radiation

oncologists volumetrically outline three-dimensional lesions for
radiotherapy planning purposes.

H
i

5

 –0.49 0.29*** 0.70*

.3.1. Impact of AI solution on radiology department
As presented in Fig. 5, lesion maximal diameters are similarly

rawn by the radiologist in reference and in AI images. No statistical
ifference was  observed in maximal lesion diameter (mean lesion
owever, two  lesions were not detected by the radiologist in the AI
mages in comparison to the lesions detected using the reference
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Fig. 4. Impact of an MRI  artificial intelligence (AI) solution on clinical radiology and radiotherapy processes: effect of accelerated acquisition and AI solution on brain
metastases signal intensity. Representative images of reference (left), difference map  with accelerated acquisition (middle) and AI reconstruction MRI  (right).
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Fig. 5. Use of MRI  artificial intelligence (AI) solution in clinical radiology and radio
radiologists.

lesion. This result leads to a specificity of 1 and a sensitivity of 0.92
in comparison to reference images. However, if we  analyse the
lesions missed by the radiologist in the AI images, it appeared that
these lesions are the smaller in dimension with maximal lengths
of 3 and 4 mm respectively. These results highlight the presence
of a threshold for minimum lesions size to be detected of 4 mm.

3.3.2. Impact of AI solution on radiotherapy department
No significant differences were observed between volumes of

interest drawn by the radiation oncologist on reference and AI
images. However, five lesions were missed by the radiation oncolo-
gist in AI images in comparison to the reference images. Specificity
and sensitivity were respectively 1 and 0.77. As for the radiol-
ogy part, lesions missed were smaller in dimension, with volumes
below 0.12 cm3. It can also be noted that these lesions have a sig-
nificant lower contrast enhancement in comparison to the other
lesions (absolute contrast 0.007 ± 0.0028 versus 0.0154 ± 0.0074
for AI and reference images respectively, P < 0.05).

4. Discussion
MRI  acquisition times that are too long lead to a long waiting
time for patients in urgent need of medical interventions. Many
research groups, MRI  manufacturers or even start-up companies

y
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py processes: impact of AI solution on maximal lesion diameters delimitation by

re developing solutions to enable faster acquisition without losing
he diagnostic quality of the images. In our study, we analysed one
f these solutions, SubtleMRTM. We  specifically evaluated whether
his solution is able to reconstruct an image acquired two times
aster than the acquisition time in clinical routine without appre-
iable loss in image quality as required for the routine clinical
anagement of these patients.
Image reconstruction time using SubtleMRTM was  about 1 min

0 s, which is 30 s longer than previously reported in literature [9].
his difference could be explained by the fact that the AI solution
as performed on a remote computer, not directly on a graphics
rocessing unit connected to the MRI. However, images transfer
nd processing did not require human intervention and therefore
ts into a clinical workflow.

Regarding the visual analysis, Bash et al. have shown similar
mage quality for reference and AI-reconstructed images [9]. In our
tudy, radiologists and radiation oncologists found lower image
uality for AI images. This difference with the literature may  be
ue to the fact that the matrix is only divided by two on the phase
ncoding axis where we  have chosen to divide it on the x and the

-axes to give a significant time acquisition reduction. However, as
or the cited study, we  show that the AI solution is able to restore
mage details, which were lost during the accelerated acquisition
rocess.
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Since the images used for testing in this study were acquired
on a different MRI  than that used to train SubtleMRTM, an adap-
tation of the learned features to capture the characteristics of
the different MRI  could potentially improve results. The partici-
pants of the fastMRI 2020 challenge pointed out that fine-tuning
is required before application to clinical data [5]. Sarasaen et al.
have shown that when transferring a model trained on a bench-
mark dataset, fine-tuning on a new MRI  with one subject-specific
prior planning scan improves the reconstruction quality [13]. Hu
et al. showed that fine-tuning reduces aliasing artefacts while
also increasing peak signal to noise ratio, structural similarity
index measure and decreasing normalized root mean squared
error [14].

Concerning the semi-quantitative analysis, in literature studies
the values of signal intensity collected on the AI image are gen-
erally closer to the values in the reference image, than to that of
the accelerated image [7,15]. In our study, the phenomenon is also
present. This observation was also valid for standard deviation, kur-
tosis and signal to noise ratio. Signal to noise ratio increases because
of a decrease in the noise in the AI-reconstructed images as shown
by other studies [16]. In comparison to the study by Jin et al., our
results showed structural similarity index measure with reference
images higher in AI images in comparison to accelerated images
[8].

Concerning the impact of the AI solution on lesion detectability
and delineation, maximal diameters and three-dimension delim-
itations by radiologist and radiation oncologist respectively were
not significantly different using reference or AI images. This con-
clusion is in line with the literature showing that AI 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 AI solution
with positron-emission tomography imaging, missed lesions cor-
respond only to small lesions with low radiotracer uptake that will
have limited impact on the clinical therapeutic care and patient
outcome [17].

Finally, it is important to balance the performance of an AI solu-
tion applied on final MRI  images in comparison to an AI 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 MRI  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 AI solutions from the manufacturer.

5. Conclusion

In a busy MRI  clinical department, the AI 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 greater
than 4 mm by oncologists and radiologists alike. Future multicen-
tric studies, including other MRI  sequences and tumour sites, are
warranted.
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