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Abstract

Objectives To evaluate the diagnostic performance of an automated reconstruction algorithm combining MR imaging

acquired using compressed SENSE (CS) with deep learning (DL) in order to reconstruct denoised high-quality images from

undersampled MR images in patients with shoulder pain.

Methods Prospectively, thirty-eight patients (14 women, mean age 40.0 +15.2 years) with shoulder pain underwent mor-

phological MRI using a pseudo-random, density-weighted k-space scheme with an acceleration factor of 2.5 using CS only.

An automated DL-based algorithm (CS DL) was used to create reconstructions of the same k-space data as used for CS

reconstructions. Images were analyzed by two radiologists and assessed for pathologies, image quality, and visibility of

anatomical landmarks using a 4-point Likert scale.

Results Overall agreement for the detection of pathologies between the CS DL reconstructions and CS images was substantial to

almost perfect (x 0.95 (95% confidence interval 0.82-1.00)). Image quality and the visibility of the rotator cuff, articular cartilage,

and axillary recess were overall rated significantly higher for CS DL images compared to CS (p <0.03). Contrast-to-noise ratios

were significantly higher for cartilage/fluid (CS DL 198 +24.3, CS 130+32.2, p=0.02) and ligament/fluid (CS DL 184 +17.3, CS

141+23.5, p=0.03) and SNR values were significantly higher for ligaments and muscle of the CS DL reconstructions (p <0.04).

Conclusion Evaluation of shoulder pathologies was feasible using a DL-based algorithm for MRI reconstruction and denois-

ing. In clinical routine, CS DL may be beneficial in particular for reducing image noise and may be useful for the detection

and better discrimination of discrete pathologies.

Summary statement Assessment of shoulder pathologies was feasible with improved image quality as well as higher SNR

using a compressed sensing deep learning—based framework for image reconstructions and denoising.

Key Points

e Automated deep learning—based reconstructions showed a significant increase in signal-to-noise ratio and contrast-to-
noise ratio (p < 0.04) with only a slight increase of reconstruction time of 40 s compared to CS.

e All pathologies were accurately detected with no loss of diagnostic information or prolongation of the scan time.

e Significant improvements of the image quality as well as the visibility of the rotator cuff, articular cartilage, and axillary
recess were detected.

P Georg C. Feuerriegel

georg.feuerriegel @tum.de
Department of Trauma Surgery, Klinikum Rechts Der
Isar, School of Medicine, Technical University of Munich,

Department of Radiology, Klinikum Rechts Der Isar, School Munich, Germany

of Medicine, Technical University of Munich, Ismaninger
Strasse 22, 81675 Munich, Germany > Department of Neuroradiology, Klinikum Rechts Der
2 Philips GmbH Market DACH, Hamburg, Germany Isar, School of Medicine, Technical University of Munich,
Munich, Germany
Musculoskeletal Radiology Section, Klinikum Rechts Der Department of Neuroradiology,
Isar, School of Medicine, Technical University of Munich, University Hospital of Munich, LMU Munich, Munich,
Munich, Germany Germany

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s00330-023-09472-9&domain=pdf

4876

European Radiology (2023) 33:4875-4884

Keywords Magnetic resonance imaging - Deep learning algorithm - Compressed SENSE - Shoulder injury

Abbreviations
CNR  Contrast-to-noise ratio
CS Compressed SENSE

CS Al Compressed SENSE artificial intelligence
CNN  Convolutional neural network

ETL  Echo train length

GAN  Generative adversarial network

M Intermediate-weighted

PI Parallel imaging

SNR  Signal-to-noise-ratio

TSE Turbo spin-echo

Introduction

In modern society, shoulder pain is very common and may
cause impairment in everyday and work activities [1]. In the
general population, acute as well as chronic shoulder pain
often originates from rotator cuff pathologies and pathologies
of other soft tissue structures [2]. MR imaging is currently
the modality of choice for imaging of shoulder pain, due to
the high contrast and resolution, in particular if soft tissue
pathologies are suspected [3, 4]. MR imaging of the shoulder
is often challenging in patients with shoulder pain (breathing
artifacts, motion artifacts caused by pain, etc.) and poten-
tial artifacts caused by surgery [5, 6]. Furthermore, imaging
quality is often corrupted due to increased image noise (e.g.,
Rician noise) or limited by the surface coil where tissues
that lie peripheral to the coil elements are less assessable
due to increased noise [7]. As consequence, increased image
noise could lead to inaccurate diagnosis or impaired image
analysis [7].

Different strategies have previously been introduced in
order to reduce image noise including traditional approaches
which mainly are based on filtering, transformations or sta-
tistical methods, as well as modern DL-based approaches
which are based on convolutional neuronal networks (CNNSs)
and general adversarial networks (GANs) [7-14]. Tradi-
tional patch-based denoising methods such as non-local
means (NLM) algorithms rely on the self-spatial similari-
ties of natural images and have proven to be compatible
with iterative image reconstruction methods based on par-
allel accelerated imaging, e.g., SENSE and GRAPPA [10,
11, 15-17]. In recent studies, the application of deep learn-
ing—based algorithms was suggested for reconstruction of
accelerated MR scans as well as for image denoising [12,
14, 18, 19]. Zhang et al created a supervised feed-forward
CNN which separates noise from noisy observation and uses
residual modules as well as batch normalization to speed
up the denoising performance [12]. As a self-learning
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self-supervised image denoising network, Xu et al proposed
the “Noisy-As-Clean” network [13]. This method declares
corrupted test images as ground truth (“clean” target) and
uses synthetic images, which consist out of small alterations
to the corrupted test image in order to train the network. In
general, CNNs and GANSs apply self-learning reconstruction
schemes and have shown promising results in order to reduce
image noise and accelerate the MR imaging data acquisi-
tion process in contrast to the classic iterative reconstruc-
tion schemes [18, 20-24]. These DL-based methods apply
reconstruction schemes in order to calculate high-quality
images from undersampled MR data.

In this study, we used a reconstruction framework which
utilizes a novel CNN to integrate and enhance conventional
CS algorithms based on the adaptive-CS-network, previ-
ously described by Pezzotti et al [18]. Therefore, the pur-
pose of this study was to assess the diagnostic performance
and denoising capabilities of the reconstruction framework
which combines PI, CS, and a DL-based algorithm (CS DL)
for the assessment of various shoulder pathologies on mul-
tiplanar shoulder MRI compared to images reconstructed
with CS only.

Methods and materials
Study participants

In this prospective study, patients with shoulder pain
(N=38, mean age 40+ 15.2 years, 14 women) that were
admitted to the orthopedic and trauma surgery departments
between June 2021 and January 2022 were enrolled. The
patients presented with shoulder pain due to various pathol-
ogies including suspected chronic degenerative changes
(n=21), acute trauma (n=9), as well as unclear shoulder
pain (n=28). Informed consent was obtained from all study
participants prior to inclusion. The study was approved by
our institutional review board (Ethics Commission of the
Medical Faculty, Technical University of Munich, Germany;
ethics proposal number 42/218S). To calculate the appropri-
ate number of study participants, a priori power analysis was
performed using data of a preceding study [25]. The data of
the SNR calculations between the ankle MRI with CS only
and the ankle MRI with the deep learning reconstructed CS
was used to simulate a comparison between the two differ-
ent groups. Finally, a sample size of at least 24 subjects per
group was determined to achieve a power >0.8. Therefore,
we included 38 participants into the study to ensure adequate
group sizes for the comparison.
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MR imaging

Each patient underwent a 3-T MRI examination (Ingenia
Elition; Philips Healthcare) of the shoulder using a dedicated
16-channel shoulder coil. A clinical routine imaging proto-
col was used including a triplanar intermediate-weighted
(IM) turbo spin-echo (TSE) sequence with spectral fat satu-
ration, a sagittal T2-weighted TSE sequence, and a coronal
T1-weighted TSE sequence. Detailed scan parameters are
displayed in Table 1. All acquired data were reconstructed
with standard CS and CS DL.

DL reconstructions compared to approximately 40 s for the
standard CS reconstructions.

Quantitative image analysis

Signal-to-noise (SNR) and contrast-to-noise (CNR) values
were calculated for CS only and CS DL using an estab-
lished subtraction method (Figs. 1 and 2) [27-29]. There-
fore, sequences of ten patients were acquired twice in the
same exam session. The repeated sequences were subtracted
using the inbuild MRI software to create the noise maps in
which regions of interest were placed in the same location on

C-SENSE DL three consecutive slices. SNR was calculated as previously
described [27]:
The CS DL reconstructions investigated in this study are (SI < )
. . . +
based on an adaptive-CS-network, as previously described SNRp = 1 % 1 2 ’

by Pezzotti et al [18]. This network utilizes a novel CNN
to integrate and enhance conventional CS algorithms. The
adaptive-CS-network is an advancement of the deep learn-
ing—based iterative shrinkage-thresholding algorithm (ISTA)
network proposed by Zhang and Ghanem [26]. It integrates
multiscale sparsification in a problem-specific learnable
manner. Further, the CNN-based sparsification approach
is combined with the image reconstruction approach of
CS and therefore, ensures data consistency. Prior informa-
tion such as coil sensitivity distribution and location of the
image background are automatically incorporated as well.
The adaptive-CS-network therefore combines parallel imag-
ing, compressed sensing, and deep learning into a single
algorithm and replaces the wavelet transform by a CNN as
sparsifying transform in the CS algorithm. The adaptive-
CS-network used in this study was initially trained with a
dataset of approximately 740,000 MR images from various
anatomical regions acquired using 1.5-T and 3-T MR imag-
ing. The algorithm was refined to run on standard recon-
struction hardware, in contrast to the previously reported
network [18]. Reconstruction was performed on the scan-
ner and the reconstructions took approx. 80 s for the CS

Table 1 Sequence parameters of the sequences used in this study

\/E SI3><\/§

SI, measures the signal intensity of the ROI in the first
series, SI, the signal from the ROI in the second series, and
SI3 the ROI from the ROI in the noise maps. Following
SNR calculation was then performed for muscle, ligaments,
joint fluid, subchondral bone, and fat. CNR was calculated
by subtracting the SNR of tissue 1 with the SNR of tissue
2 and was calculated for cartilage/fluid, subchondral bone/
cartilage, ligament/fluid, and ligament/fat.

Semi-quantitative image analysis

Image readings were performed by two experienced radiolo-
gists separately and independently and blinded to all clinical
information (Y.L. with 4 years of experience in musculo-
skeletal imaging and J.N. with 10 years of experience in
musculoskeletal imaging). Readings were performed on a
PACS work station certified for clinical use (IDS7 21.2,
Sectra). The standard CS images and CS DL reconstructed
images were read with at least 3 weeks in between readings,

Sequence Coronal IM/SPIR Axial IM/SPIR Sagittal IM/SPIR Sagittal T2 Coronal T1
Echo time (ms) 50 50 50 80 19

Repetition time (ms) 2400 2450 2400 2500 730
Acceleration factor 2.5 2.5 2.5 2.5 2.5

TSE factor 16 16 16 16 5

Field of view (mm?>) 160x 160% 83 160x 160 % 83 160x 160% 83 160x 160 % 108 160x 160%x76
Voxel size (acquisition, mm®) 0.4%x0.54%x3.0 0.4%x0.54%x3.0 0.4%x0.54%x3.0 0.35%0.49%3.0 0.35%0.45%3.0
Voxel size (reconstructed, mm?) 0.28x0.28x3.0 0.28x0.28x3.0 0.28x0.28x3.0 0.24x0.24%3.0 0.24x0.24%3.0
Slice thickness (mm) 3 3 3 3 3

Slice number 26 31 28 30 23

Acquisition time (min) 3.39 3.24 3.18 3.11 2.3

@ Springer



European Radiology (2023) 33:4875-4884

4878
Fig. 1 Calculated SNR for sub- 300.00
chondral bone, fluid, cartilage,
ligaments, muscle, and fat. Sig- 250.00
nificant higher SNR values were
seen for ligaments and muscle
of the CS DL reconstructions 200.00
(ligaments p=0.01, muscle m
r=0.04) 7, 15000
N
100.00
50.00
0.00

Subch.
bone

respectively. For intra-reader reproducibility, 10 patients
were assessed once again after 4 weeks by both radiologists.

The CS and CS DL images were analyzed for the visibility
of anatomical landmarks graded with a 4-point Likert scale
(1 =inadequate, 2=adequate, 3=good, 4 =excellent) based on
the extent of the partial volume effect, blurring, image noise,
signal inhomogeneity, and discrimination from adjacent struc-
tures [27]. Following landmarks were assessed for visibility:
rotator cuff tendons and muscles, biceps anchor, long biceps
tendon, rotator cuff interval, AC joint, articular cartilage, axil-
lary recess, and labrum. Overall image quality was assessed
also using a 4-point Likert scale based on the overall image
expression. Furthermore, the rotator cuff tendons, long biceps
tendon, rotator cuff muscles, glenoid and humeral cartilage,

25000

Fig.2 Calculated CNR for
cartilage/fluid, subchondral
bone/cartilage, ligament/fluid,
and ligament/fat. CNR values
of cartilage/fluid and ligament/
fluid of the CS DL reconstruc-
tions were significantly higher
compared to standard CS
images (p <0.05)
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bone, bursa, AC joint, glenoid labrum, and joint capsule were
assessed for visibility and presence of pathologies. The bone
was assessed for bone marrow edema, subchondral cysts, or
osseous defects such as Bankart and Hill-Sachs lesions [30].
Rotator cuff tendons were assessed for tendinopathy includ-
ing subacromial impingement, rotator cuff tendinitis/tendi-
nosis, and calcific tendonitis, and the fatty infiltration was
graded according to Goutallier et al [31]. The biceps tendon
was assessed for tendinopathic changes, dislocation, as well
as lesions of the biceps pulley. Anatomical variations of the
labrum were graded according to Kanatli et al [32] (for detailed
information about the gradings of abnormalities, see Table 2).
The overall diagnostic confidence of the readings was also
graded with a 4-point Likert scale based on how confident the

mCS
OcsbL

*P <005

Ligament/Fluid Ligament/Fat
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Table2 Assessed abnormalities/pathologies of the shoulder and
detected numbers

Parameters Grading and frequency (n, %)

Bone Normal signal: 24 (63%)

Bone marrow edema: 1 (3%)
Subchondral cysts: 3 (8%)
Tuberculum majus fracture: 2 (5%)
Hill-Sachs defect: 1 (3%)

Bankart defect: 7 (18%)

No pathology: 10 (26%)

Tendinopathy: 23 (60%)
Partial tear: 4 (11%)

Complete tear: 1 (3%)
No pathology: 29 (76%)
Fatty infiltration: 0 (0%)
Acute injury: 9 (24%)
No pathology: 22 (58%)
Tendinopathy: 15 (39%)
Dislocation: 0 (0%)
Tear: 0 (0%)

SLAP: 0 (0%)

Pulley: 1 (3%)

Normal signal: 31 (82%)
Abnormal: 7 (18%)
Normal signal: 28 (74%)
Inflamed: 10 (26%)
Normal joint: 10 (26%)
Osteoarthritis: 28 (74%)
No effusion: 31 (82%)
Joint effusion: 7 (18%)
Normal labrum: 30 (79%)
Anatomical normal variant: 1 (3%)
Lesion: 7 (18%)

Rotator cuff tendons

Rotator cuff muscle

Biceps

Cartilage

Bursa

AC joint

Effusion

Labrum

readers were regarding the evaluation of pathologies. Severe-
ness of motion artifacts, blurring, or image noise was semi-
quantitatively classified into no, little, and severe artifacts.

Statistical analysis

The data were analyzed using IBM SPSS, version 25.0 IBM
Corp.). All statistical tests were performed two sided, and
a level of significance () of 0.05 was used for all tests. A
Shapiro—Wilk test was performed to test for normal or non-
normal distribution of the data. A paired t-test was used
for comparison of normally distributed numerical variables
and a Wilcoxon signed-rank test was used to compare non-
normally distributed numerical and categorical variables
between CS and CS DL image assessments. McNemar’s
test was used to assess for binary categorical variables.

In order to assess the inter- and intra-observer agreement,
Cohen’s kappa was used for ordinal scaled data and inter-
class correlation coefficient using a two-way random-effects
model with absolute agreement for nominal scaled data. The
values can be interpreted as poor (0), slight (0.0-0.2), fair
(0.21-0.40), moderate (0.41-0.60), substantial (0.61-0.80),
and almost perfect (0.81-1.00) [33, 34]. For all measure-
ments, 95% confidence intervals (CI) were calculated.

Results
Assessment of shoulder pathologies/abnormalities

Almost all pathologies were accurately detected on the CS
DL reconstructions by both readers compared to the standard
CS images with no significant difference (readers 1 and 2:
0.95 (95% confidence interval 0.82—1.00)). In total, 9 acute
fractures were detected, of which 7 were osseous Bankart
lesions (Figs. 3, 4, and 5) and two were humerus fractures.
Moreover, four partial tears (Fig. 6) and one complete tear
of one or more rotator cuff tendons were detected. Joint effu-
sion was detected in 7 patients and 28 patients showed signs
of an osteoarthritis of the AC joint. Detailed numbers and
the distributions of pathologies are listed in Table 2. The
overall diagnostic confidence of pathologies detected on the
CS DL images was higher compared to CS in both readers,
and this finding reached the statistical level of significance
for one reader (reader 1 CS: 3.2+0.1, CS DL 3.8+0.2,
p=0.18; reader 2 CS: 2.9+0.2, CS DL 3.7+0.1, p=0.04,
Table 3). Compared to the standard CS images, the overall
image quality of the CS DL reconstructions was rated sig-
nificantly higher (reader 1 CS 2.8 +0.3, CS DL 3.7+0.1,
p=0.02; reader 2 CS 2.7+0.1, CS DL 3.8 +0.3, p=0.01).
No significant differences were detected for the ratings of
motion artifacts (reader 1 CS: 3.7+0.4, CS DL 3.8 +0.4,
p=0.23; reader 2 CS: 3.7+0.4 and CS DL 3.8 +0.5,
p=0.25). There were no severe motion artifacts detected in
the CS DL reconstructions as well as in the CS only images.

Visibility of anatomical features

The overall visibility of anatomical regions recorded was
higher for the CS DL reconstruction by both readers, yet
no statistical significance was reached (reader 1 CS DL
2.5+0.2,3.1+0.3, p=0.17; reader 2 CS DL: 2.4+ 0.4
and CS: 3.2 +0.2, p=0.31). A significant increase of the
visibility was seen for the rotator cuff tendons (reader
1 CS 2.3+0.4, CS DL 3.5+0.3, p=0.04; reader 2 CS
2.2+0.4, CS DL 3.5+0.3 p=0.03), articular carti-
lage (reader 1 CS: 2.3+0.4, CS DL 3.5+0.2, p=0.03;
reader 2 CS: 2.2+0.2, CS DL 3.5+0.3, p=0.02), rota-
tor interval (reader 1 CS: 2.4+0.4, CS DL 3.5+0.1,
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Fig.3 A Transversal IM-
weighted TSE sequence of a
34-year-old participant with an
acute Bankart fracture. B High-
resolution CS DL reconstruc-
tion of the transversal image
with markedly reduced image
noise and a clear discrimination
of the glenoid fracture borders
(white arrows)

p=0.02; reader 2 CS: 2.4+0.1 CS DL 3.4+0.2,
p=0.03), and axillary recess (reader 1 CS: 2.0+ 0.6, CS
DL 3.2+0.4, p=0.02; reader 2 CS: 2.1 +0.4, CS DL
3.2+0.3, p=0.04). An increase of visibility was also
detected for the biceps anchor (reader 1 CS: 2.1+0.3,
CS DL 3.1+0.4, p=0.06; reader 2 CS: 2.3+0.3, CSDL
3.2+0.2, p=0.05), AC joint (reader 1 CS: 2.6 +0.3, CS
DL 3.6+0.2, p=0.26; reader 2 CS: 2.7+ 0.3, CS DL
3.6+0.2, p=0.34), and labrum (reader 1 CS: 2.6+ 0.3,
CSDL 3.6+0.2, p=0.26; reader 2 CS: 2.7+0.3, CS DL
3.6+0.2, p=0.34), yet these results did not reach the
level of significance (Table 4). Only a slight increase was
seen in the visibility of the long biceps tendon, muscle,
and bone. None of the anatomical regions was rated lower
in the CS DL reconstructions than in the standard CS
images.

Quantitative image analysis

Significant higher SNR values were detected for ligaments
and muscle of the CS DL reconstructions compared to the
standard CS images (ligaments p=0.01, muscle p =0.04).
Although the SNR values of the CS DL reconstructions were

Fig.4 A 46-year-old patient
with anterior fracture disloca-
tion of the right shoulder. A
Standard sagittal IM-weighted
sequence with TSE showing
increased noise in the whole
images. B CS DL reconstruc-
tion of the IM-weighted TSE
sequence with markedly
reduced overall noise and
smoother borders of the osse-
ous Bankart fragment (white
arrows)
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generally higher, no statistical significance was reached for
fat, joint fluid, and subchondral bone (Fig. 1). Comparing the
CNR values, the CNR values of cartilage/fluid and ligament/
fluid of the CS DL reconstructions were significantly higher
compared to standard CS images (cartilage/fluid p=0.02 and
ligament/fluid p =0.03, respectively; Fig. 2).

Inter- and intra-reader agreement

Inter-reader agreement for the detection and grading of
pathologies was substantial to almost perfect (x 0.89 (95%
confidence interval 0.71-1.00)). Agreement for the grading
of the visibility of anatomical regions was also substantial to
almost perfect (k 0.94 (95% confidence interval 0.89-1.00)).
For intra-reader reliability, both readers reassessed the
images of 10 patients after at least 4 weeks. The intra-reader
agreement was overall substantial to almost perfect (range
x 0.84 to 1.00) for both readers. All acute pathologies were
once more accurately identified on the CS DL reconstruc-
tions (x 1.00 (95% CI 1.00-1.00) for both readers). Only in
two patients the tendinopathy of the supraspinatus tendons
was rated as partial tears instead (x 0.84 (95% confidence
interval 0.75-1.00)).
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Fig.5 A 64-year-old patient
after acute shoulder disloca-
tion with decentered humeral
head and lesion of the anterior
inferior labrum. (A) Note the
reduced noise and smooth dis-
play of the labral defect (white
arrows) in the high-resolution
CS DL reconstructions (B)

Discussion

In this study, the application of a compressed sensing deep
learning—based framework for image reconstruction and
denoising was investigated and shown to be feasible and
to improve image quality while remaining accurate regard-
ing the assessment of various pathologies of the shoulder.
Images with CS DL reconstructions overall showed a sig-
nificantly higher image quality and a higher diagnostic con-
fidence indicating that the better image quality and visibility
of anatomical landmarks may be useful for the visualiza-
tion and differentiation of pathologies. The increased image
quality and denoising in the CS DL reconstructions may be
particularly beneficial in patients with subtle findings and
increased image noise. Almost all pathologies were identi-
cally detected on the CS DL reconstructions as in the stand-
ard CS images, with no loss of information due to the DL-
based reconstruction algorithm. Furthermore, the visibility
of the articular cartilage, AC joint, and rotator cuff tendons

Fig.6 A 54-year-old patient
with tendinopathic changes of
the rotator cuff, in particular
the supraspinatus tendon. A
Standard coronal T1-weighted
sequence with TSE. B CS

DL reconstruction of the
T1-weighted TSE sequence
with overall reduced noise and
smoother discrimination of the
tendinopathy of the supraspina-
tus tendon (white arrows)

was rated higher in the CS DL images compared to standard
CS reconstructions. The reduced image noise also improved
the discrimination between tissues which may improve the
detection and assessment of e.g. acute fractures or degenera-
tive changes. Due to the denoising, significant higher SNR
values were detected for ligaments and muscle of the CS DL
reconstructions which further increases the image quality.
CNR for cartilage/fluid and ligament/fluid was significantly
higher in the CS DL reconstruction. In general, the reduced
image noise of the CS DL reconstruction may be particularly
useful when assessing more peripheral pathologies, e.g.,
injury to the biceps tendon, muscle, or scapula, and might
help identify discrete pathologies which otherwise would be
difficult to discriminate.

In recent studies, different approaches for deep learn-
ing—based enhancement of reconstruction quality and
noise reduction in CS imaging had been proposed. Mani-
mala et al successfully implemented a CNN for fast
denoising of sparse MR images corrupted with Rician

@ Springer
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Table 3 Comparison of the Reader 1 Reader 2
mean image quality, motion
artifacts, and diagnostic CS CS DL p value CS CS DL p value
confidence
Diagnostic confidence 32+0.1 3.8+0.2 0.18 29+0.2 3.7+0.1 0.04
Motion artifacts 3.7+0.4% 3.8+0.4* 0.23 3.7+0.4% 3.8+0.5% 0.25
Overall image quality 2.8+0.3 3.7+0.1 0.02 2.7+0.1 3.8+0.3 0.01

Data are presented as means + standard deviations

4-point Likert scale (4 =excellent; 1 =inadequate)

“Motion artifacts graded with a 3-point scale: 2 =severe, 3 =little, 4 =none

noise [19]. The algorithm exploits patch-based processing
in order to update and refine the dictionary of weights.
Furthermore, it can be employed without estimating the
noise level and preserves the local structures better com-
pared to traditional methods like NLM [19]. Chaudhari
et al implemented a deep learning—based 3D CNN called
“DeepResolve” to reconstruct small-slice high-resolu-
tion images from acquired thicker slices and was able to
achieve superior quantitative and qualitative diagnostic
performance [35]. Quan et al developed a convolutional
autoencoder and GAN which employ deeper generator
and discriminator networks with cyclic data consist-
ency loss for interpolation of the under-sampled k-space
data [36]. This enables faster image acquisition but also
enhanced reconstruction quality using a chained network.
In a retrospective study, Koch et al successfully utilized a
neuronal network for denoising of shoulder and hip MRI
which was trained with a supervised learning approach
using pairs of high-spatial-resolution high-signal-to-noise
ratio images and synthesized low-resolution low-signal-
to-noise ratio images [37].

To our knowledge, none of the abovementioned studies
evaluated shoulder pathologies and anatomical structures
with traumatic and non-traumatic pathologies prospec-
tively in a larger patient cohort. Furthermore, with the CS

DL algorithm used in this study, image reconstruction was
performed automatically during acquisition with no further
time-consuming postprocessing needed. We found that CS
DL reconstructions are generally applicable and reliable, yet,
depending on the pathology and patient compliance, it has
a larger or smaller benefit on image quality. Furthermore,
our study was conducted in a clinical routine setup and our
framework is applicable on every standard 3 T MRI scanner
and can be implied on scanning protocols without the need
of special hardware.

In our current work, the CS DL reconstructions were not
accelerated, meaning there was no difference in scan times.
Both CS and CS DL images were reconstructed from the
same data, to minimize differences and confounders due to
quality variations in the acquired data for both techniques.
However, in future work, a thorough optimization of CS DL
sequences is warranted to investigate the impact of CS DL
on further image acceleration or increased resolution com-
pared to what currently is possible with standard CS.

There are certain limitations to our study which need to
be addressed. First, we examined an inhomogeneous patient
collective of 38 patients with various disorders and injuries
of the shoulder. Studies with larger study cohorts with mul-
tiple cases of one pathology are needed in the future in order
to show the applicability of the CS DL reconstructions for

Table 4 Visibility of anatomical

. Reader 1 Reader 2
regions of the shoulder
Anatomical regions CS CSDL p value CS CSDL p value
Rotator cuff tendons 23+04 3.5+03 0.04 22+04 3.5+0.3 0.03
Long biceps tendon 2.8+0.5 35+04 0.59 28+04 34+04 0.53
Biceps anchor 2.1+0.3 3.1+04 0.06 23+0.3 32+02 0.05
Rotator interval 24+04 3.5+0.1 0.02 24+0.1 34402 0.03
AC joint 2.6+03 3.6+0.2 0.26 27403 3.6+0.2 0.34
Articular cartilage 23+04 35+02 0.03 22+0.2 35+03 0.02
Axillary recess 2.0+0.6 32+04 0.02 2.1+04 32+03 0.04
Labrum 22+0.3 29+0.2 0.21 22+03 29+02 0.34
Bone 25+0.3 32+05 0.69 23+04 3.1+04 0.74
Muscle 25+04 33+0.6 0.55 2.6+0.5 33+04 0.62

Data are presented as means + standard deviations

4-point Likert scale (4 =excellent; 1 =inadequate)
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various pathologies. For comparison, the standard CS images
were used as standard of reference but no further modality,
e.g., arthroscopy, was available. Therefore, confirmation of
diagnosis was not verified by an external standard of refer-
ence. Only in the acute trauma cases with occurring fractures
(n=9) an additional conventional CT scan was available.
The assessment of shoulder pathologies was feasible,
and the image quality and the SNR were significantly
improved, while remaining accurate regarding the assess-
ment of the pathologies when using a compressed sensing
deep learning—based framework for image reconstructions.
The reduced image noise improved the quality as well as
visibility of anatomical landmarks compared to the stand-
ard CS reconstructions and might help with the detec-
tion of even discrete pathologies. In clinical routine, this
automated reconstruction and denoising technique might
be particularly useful when applied to challenging MRI
acquisitions, e.g., in traumatic shoulder injuries.

Funding Open Access funding enabled and organized by Projekt
DEAL. This work was funded by the German Society of Muscu-
loskeletal Radiology (Deutsche Gesellschaft fiir muskuloskelettale
Radiologie; DGMSR) from which G.C.F received a research grant.

Declarations

Guarantor The scientific guarantor of this publication is PD. Dr. med.
Alexandra S. Gersing.

Conflict of interest K.W. is employed by Philips GmbH Market DACH
but was not involved in data acquisition or analysis. The rest of the authors
of this manuscript declare no relationships with any companies, whose
products or services may be related to the subject matter of the article.

Statistics and biometry No complex statistical methods were neces-
sary for this paper.

Informed consent Written informed consent was obtained from all
subjects (patients) in this study.

Ethical approval Institutional review board approval was obtained.

Methodology

® prospective

e case—control study

e performed at one institution

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not

permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Luime JJ, Koes BW, Hendriksen 1J et al (2004) Prevalence and
incidence of shoulder pain in the general population; a system-
atic review. Scand J Rheumatol 33(2):73-81

2. Mitchell C, Adebajo A, Hay E, Carr A (2005) Shoulder pain: diag-
nosis and management in primary care. BMJ 331(7525):1124-1128

3. Tsao LY, Mirowitz SA (1997) MR imaging of the shoulder.
Imaging techniques, diagnostic pitfalls, and normal variants.
Magn Reson Imaging Clin N Am 5(4):683-704

4. Fritts HM, Craig EV (1994) MRI of the shoulder. Semin Ultra-
sound CT MR 15(5):341-365

5. Bernstein MA, Huston 3rd J, Ward HA (2006) Imaging artifacts
at 3.0T. ] Magn Reson Imaging 24(4):735-46

6. Dietrich O, Reiser MF, Schoenberg SO (2008) Artifacts in
3-T MRI: physical background and reduction strategies. Eur J
Radiol 65(1):29-35

7. Moreno Lépez M, Frederick JM, Ventura J (2021) Evaluation
of MRI denoising methods using unsupervised learning. Front
Artif Intell 4:642731

8. Dabov K, Foi A, Katkovnik V, Egiazarian K (2007) Image
denoising by sparse 3-D transform-domain collaborative filter-
ing. IEEE Trans Image Process 16(8):2080-2095

9. Tomasi C, Manduchi R (1998) Bilateral filtering for gray and
color images. In: Sixth international conference on computer
vision (IEEE Cat. No. 98CH36271). IEEE

10. Buades A, Coll B, Morel J-M (2005) A non-local algorithm for
image denoising. In: 2005 IEEE Computer Society Conference on
Computer Vision and Pattern Recognition (CVPR'05), vol 2. San
Diego, CA, pp 60-65

11. Klosowski J, Frahm J (2017) Image denoising for real-time MRI.
Magn Reson Med 77(3):1340-1352

12. Zhang K, Zuo W, Chen Y, Meng D, Zhang L (2017) Beyond
a Gaussian denoiser: residual learning of deep CNN for image
denoising. IEEE Trans Image Process 26(7):3142-3155

13. XuJ, Huang Y, Cheng MM et al (2020) Noisy-As-Clean: learnin
self-supervised denoising from corrupted image. IEEE Trans
Image Process 29:9316-9329

14. LiZ, Tian Q, Ngamsombat C et al (2022) High-fidelity fast volu-
metric brain MRI using synergistic wave-controlled aliasing in
parallel imaging and a hybrid denoising generative adversarial
network (HDnGAN). Med Phys 49(2):1000-1014

15. Manjén JV, Coupé P, Marti-Bonmati L, Collins DL, Robles
M (2010) Adaptive non-local means denoising of MR images
with spatially varying noise levels. ] Magn Reson Imaging
31(1):192-203

16. Pruessmann KP, Weiger M, Scheidegger MB, Boesiger P (1999)
SENSE: sensitivity encoding for fast MRI. Magn Reson Med
42(5):952-962

17. Griswold MA, Jakob PM, Heidemann RM et al (2002) Gener-
alized autocalibrating partially parallel acquisitions (GRAPPA).
Magn Reson Med 47(6):1202-1210

18. Pezzotti N, Yousefi S, Elmahdy MS et al (2020) An adaptive intel-
ligence algorithm for undersampled knee MRI reconstruction.
IEEE Access 8:204825-204838

@ Springer


http://creativecommons.org/licenses/by/4.0/

4884

European Radiology (2023) 33:4875-4884

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

Manimala MVR, Dhanunjaya Naidu C, Giri Prasad MN (2021)
Sparse MR image reconstruction considering Rician noise mod-
els: a CNN approach. Wirel Pers Commun 116(1):491-511
Yang G, Yu S, Dong H et al (2018) DAGAN: deep de-aliasing
generative adversarial networks for fast compressed sensing MRI
reconstruction. IEEE Trans Med Imaging 37(6):1310-1321
Johnson PM, Recht MP, Knoll F (2020) Improving the speed of
MRI with artificial intelligence. Semin Musculoskelet Radiol
24(1):12-20

Hammernik K, Klatzer T, Kobler E et al (2018) Learning a vari-
ational network for reconstruction of accelerated MRI data. Magn
Reson Med 79(6):3055-3071

Akgakaya M, Moeller S, Weingirtner S, Ugurbil K (2019) Scan-
specific robust artificial-neural-networks for k-space interpolation
(RAKI) reconstruction: database-free deep learning for fast imag-
ing. Magn Reson Med 81(1):439-453

Soltanayev S, Chun SY (2018) Training deep learning based
denoisers without ground truth data. In: Proceedings of the
32nd International Conference on Neural Information Process-
ing Systems Curran Associates Inc., Montréal, Canada, pp
3261-3271

Foreman SC, Neumann J, Han J et al (2022) Deep learning-based
acceleration of compressed sense MR imaging of the ankle. Eur Radiol
32(12):8376-8385

Zhang J, Ghanem B (2018) ISTA-Net: interpretable optimization-
inspired deep network for image compressive sensing. 2018 IEEE/
CVF Conference on computer vision and pattern recognition, pp
1828-1837

Notohamiprodjo M, Kuschel B, Horng A et al (2012) 3D-MRI of
the ankle with optimized 3D-SPACE. Invest Radiol 47(4):231-239
Gersing AS, Bodden J, Neumann J et al (2019) Accelerating
anatomical 2D turbo spin echo imaging of the ankle using com-
pressed sensing. Eur J Radiol 118:277-284

@ Springer

29.

30.

31.

32.

33.

34.

35.

36.

37.

Dietrich O, Raya JG, Reeder SB, Reiser MF, Schoenberg SO
(2007) Measurement of signal-to-noise ratios in MR images:
influence of multichannel coils, parallel imaging, and reconstruc-
tion filters. ] Magn Reson Imaging 26(2):375-385

Saliken DJ, Bornes TD, Bouliane MJ, Sheps DM, Beaupre LA
(2015) Imaging methods for quantifying glenoid and Hill-Sachs
bone loss in traumatic instability of the shoulder: a scoping
review. BMC Musculoskelet Disord 16(1):164

Morag Y, Jacobson JA, Miller B, De Maeseneer M, Girish G,
Jamadar D (2006) MR imaging of rotator cuff injury: what the
clinician needs to know. Radiographics 26(4):1045-1065
Kanatli U, Ozturk BY, Bolukbasi S (2010) Anatomical variations
of the anterosuperior labrum: prevalence and association with type
II superior labrum anterior-posterior (SLAP) lesions. J Shoulder
Elbow Surg 19(8):1199-1203

Fleiss JL (1971) Measuring nominal scale agreement among many
raters. Psychol Bull 76(5):378-382

Gersing AS, Pfeiffer D, Kopp FK et al (2019) Evaluation of MR-
derived CT-like images and simulated radiographs compared to
conventional radiography in patients with benign and malignant
bone tumors. Eur Radiol 29(1):13-21

Chaudhari AS, Fang Z, Kogan F et al (2018) Super-resolution
musculoskeletal MRI using deep learning. Magn Reson Med
80(5):2139-2154

Quan TM, Nguyen-Duc T, Jeong WK (2018) Compressed sensing
MRI reconstruction using a generative adversarial network with a
cyclic loss. IEEE Trans Med Imaging 37(6):1488-1497

Koch KM, Sherafati M, Arpinar VE et al (2021) Analysis and
evaluation of a deep learning reconstruction approach with
denoising for orthopedic MRI. Radiol Artif Intell 3(6):200278

Publisher's note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.



	Evaluation of a deep learning-based reconstruction method for denoising and image enhancement of shoulder MRI in patients with shoulder pain
	Abstract
	Objectives 
	Methods 
	Results 
	Conclusion 
	Summary statement 
	Key Points 

	Introduction
	Methods and materials
	Study participants
	MR imaging
	C-SENSE DL

	Quantitative image analysis
	Semi-quantitative image analysis
	Statistical analysis

	Results
	Assessment of shoulder pathologiesabnormalities
	Visibility of anatomical features
	Quantitative image analysis
	Inter- and intra-reader agreement

	Discussion
	References


