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Introduction

Patients with tinnitus, vertigo, and hearing loss have typical 
symptoms for a vestibular schwannoma (VS) [1]. However, 

learning–based evaluations of clinical and audiometric data 
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CPA  Cerebellopontine angle
CA  Contrast agent
SPAIR  Spectral Attenuated Inversion Recovery
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Abstract

Background and purpose Deep-learning (DL) based MRI denoising techniques promise improved image quality and shorter 

with contrast agents using a DL-denoising algorithm.
Materials and methods 

We acquired a clinical reference protocol of the cerebellopontine angle containing a T1w fat-saturated (fs) axial (number 

contrast agent (CA) application without advanced DL-based denoising (w/o DL). We reconstructed the T1w fs CA sequence 
axial and the T1w SPAIR CA coronal with full DL-denoising mode without change of NSA, and secondly with 1 NSA for 

measurements. The Wilcoxon Signed-Rank Test was used for non-parametric statistical comparison.
Results 

Conclusions This study underlines that advanced DL-based denoising techniques can reduce the examination time by more 
than half while simultaneously improving image quality.
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-
ther workup with MRI remains necessary [2, ]. Therefore, 

].

the recent decades, access to MRI examinations remains 

costs and operational requirements [ –6]. Moreover, MRI at 

[ , 
for imaging the cerebellopontine angle (CPA) where adja-

bone can exacerbate susceptibility artifacts at higher mag-
]. However, this physical advantage is 

counterbalanced by the generally lower signal-to-noise ratio 

[ ]. A previous study demonstrated that while CPA imaging 

].
-

larly in deep learning (DL), have led to new DL-based 
reconstruction methods that provide denoised image data 
[ –
image quality by interpolating k-space data using neural 
networks, which can result in improved image quality, 
reduced acquisition times, or both. Technical details regard-
ing the algorithm design are available in the literature [12, 

as it compensates for the lower MRI signal, which would 
otherwise require an increase in the number of signal aver-
ages (NSA) to enhance quality. Although initial studies 
have demonstrated the substantial potential of DL-based 
denoising methods, clinical data for patients with VS at 

This retrospective study aims to compare the conspicu-

based denoising reconstructions performed with high and 
minimum numbers of averages as well as conventional 
reconstruction methods without DL-based denoising.

Materials and methods

Ethical approval

This retrospective study was approved by the local eth-
ics committee in accordance with the Declaration of Hel-

Study design

investigator-initiated exploratory trial was conducted at a 
single academic medical center. We enrolled thirty patients 

with contrast media administration. No examinations were 
repeated, and every patient gave consent to the MRI exami-
nation. Figure 1

Imaging techniques

-

array receiver coil. Reference transversal images of the 
CPA were acquired without advanced deep–learning based 
acceleration using a T1-weighted sequence with spectral 
fat-saturation (T1w fs). Acquisition parameters for the axial 

2 -

-
nal images were obtained using a T1-weighted reference 
sequence with Spectral Attenuated Inversion Recovery 

Post-processing of the reference sequences was per-
formed using an advanced DL-denoising technique (Deep 

The T1w fs axial study sequence was reconstructed using the 
DL-denoising technique without change of the NSA com-

possible NSA reduction to 1. The T1w SPAIR coronal study 
sequence was reconstructed using the DL-denoising tech-
nique, with the NSA maintained at the reference standard 
(= 2 NSA) and with maximal possible NSA reduction to 1. 

The commercially available and regulatory approved deep 
learning-based reconstruction provided by the vendor was 

algorithm operates as a raw-data-to-image reconstruction tech-

based on training data that includes various image contrasts, 
orientations, spatial resolutions, and anatomic regions. The 
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vendor describes a retrospective down-sampling of imaging 
data during supervised training. The training consists of pairs 
of undersampled k-space raw data and fully sampled reference 

12, ]. Additionally, Schlicht et al. 
and Schmidt et al. describe the feasibility of this DL-denoising 

, 16]. In the pres-
-

lowed the vendor-recommended ’used as-is’ calibration.

Imaging evaluation

-

were blinded to the patients’ medical history and the recon-
struction parameters during the evaluation of image quality 

quality for each MRI sequences using the following catego-

2. Image artifacts in the relevant temporal region [inner 

-

artifacts.

-

no). Decision criteria were the signal intensity of an 
assumed VS compared to the adjacent neuronal and 

decision was “yes” if a lesion revealed hyperintensity in 
close proximity to the vestibular nerve in the IAC or in 
the inner ear.

Size measurement

-
surements was performed between each study sequence and 
the reference sequence. Volume measurements were not per-
formed, as the DL-based denoising algorithm was not available 

thus, volumetric analysis was outside the scope of this sudy.

Statistical analysis

For this exploratory study, we did not perform a formal a 

Fig. 1
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respectively. In addition, the axial and coronal DL&1NSA 

higher ratings compared to their respective (non-accelerated) 
2 illustrates the dis-

tribution of Likert scale ratings, and Figure  provides an 
example of the images acquired during the study.

VS conspicuity

enhanced sequences. The reference T1w fs axial sequence 

-

T1w SPAIR sequence and the coronal DL&1NSA sequence 
 and  illustrate the 

Likert scale ratings and demonstrate the clear conspicuity of 
a small VS (maximum diameter 1 mm), respectively. 

Tables 1 and 2 show detailed kappa values and image 
quality results. 

Overall image artifacts

results of this study will inform future power calculations 

-
, 

R Foundation for Statistical Computing, Vienna, Austria).
-

Test for dependent samples was used to compare the subjective 
image quality between each MRI sequence. Data with a normal 
distribution are presented as means ± standard deviations, while 
LS scores, which were not normally distributed, are presented 

-
-

almost perfect agreement according to Landis and Koch [ ].

Results

-

Overall image quality

the DL-enhanced sequences compared to the reference 

Fig. 2 The bar chart displays the distribution of Likert scale ratings 
-

approaches (DL) and number of averages (NSA). Higher ratings 
(green) indicate better perceived quality, while lower ratings (yellow) 
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Fig. 4 -
ing vestibular schwannoma conspicuity across the study sequences 
without (w/o DL) and with (DL) a deep learning-based denoising 

chart illustrates the higher conspicuity of vestibular schwannoma in 
sequences with denoising algorithm and, within this subgroup, for 
sequences with a higher number of averages

 

Fig. 3

(VS) on the right side (arrow). All reconstructions—without (DL-) 
and with (DL+) a deep learning-based denoising algorithm, as well as 

coronal (d–f) orientations clearly show the contrast medium enhancing 

lesion on the right side. The overall image quality of the transversal 

quality of the coronal images was rated highest for DL&2NSA (Lik-
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Table 1 Illustration of Kohens kappa calculation for the two expert readers regarding overall image quality, image artifacts and vestibular Schwan-

quality
Image 
artifacts

VS conspicuity
CI

T1w fs reference DL- axial
(p (p (p

T1w fs study sequence axial 
(p (p

– –

T1w fs study sequence axial 
(DL&1NSA)

1
(p (p (p

T1w SPAIR reference DL- coronal
(p (p (p

T1w SPAIR study sequence coronal 
(DL&2NSA)

– – – –
(p

T1w SPAIR study sequence coronal 
(DL&1NSA) (p

1
(p (p

Fig. 5 -
tibularis schwannoma (VS) (maximum diameter 1mm) on the left site 
(arrow). All reconstructions without (w/o DL) and with (DL) deep 

-
ages (NSA) in transversal (a-c) and coronal (d-f) orientation) clearly 
show the enhancing lesion on the left site. The VS conspicuity of the 

-
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(w/o DL, DL&2NSA, and DL&1NSA, respectively). No 

the study or reference sequences.

Discussion

This study evaluates the capability of a DL-based denoising 

-
onstrated that the acquisition time for contrast-enhanced 

-
tion in the NSA compared to the reference standard. In the 
axial plane, the DL&1NSA sequence provided improved 

artifacts were also less common for both the DL&2NSA 
6 

illustrates the distribution of Likert scale ratings for over-
all artifacts.

Size Measurement

illustrated in Table . Interrater agreement, as assessed by 

-

Table 2 -

p
(VS) conspicuity

P value VS conspicuity P value
T1w fs reference axial
w/o DL

p each
p

T1w fs study sequence axial

T1w fs study sequence axial
(DL&1NSA)
T1w SPAIR reference coronal
w/o DL

p both
p

T1w SPAIR study sequence coronal (DL&2NSA)
T1w SPAIR study sequence coronal (DL&1NSA) NS

Fig. 6 -
ing the overall image artifacts across reference and study sequences 
without (w/o DL) and with (DL) a deep learning-based denoising algo-

illustrates the lower artifacts (higher Likert scale) in sequences with 

denoising algorithm and, within this subgroup, for sequences with a 
-

cient for clinical use, 2 = partly artifacts, which reduced image quality 
-
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21]. To our 
-

ate the image quality improvement provided by DL-based 

This study has several limitations. First, only a rather 
small patient collective was available. Second, we did 
not evaluate the diagnostic performance in the detection 
of VS, as this was beyond the scope of the study. Third, 
although experienced radiologists with focus on head and 
neck imaging performed the image quality assessments, 
the semiquantitative nature of the ratings is prone to inter-
reader variability. Despite a blinded reading of each of the 
six image groups, the DL-denoising algorithms is built to 
provide a low-noise image impression. We are aware this 
could also bias subjective semiquantitative ratings. Fourth, 

reference standard (e.g. surgical or histopathological data). 
Fifth, we were only able to conduct a retrospective study 
design as the positive rate for VS in the patient collective is 
rather small. Thus, we are aware of the inherent limitations 
concerning a potential selection bias. In a prospective study 
setting too many patients would have been included, who do 
not contribute to the scope of this study. Sixth, larger patient 
cohorts with a multi-center, prospective study approach are 
needed to verify our results on a broad clinical basis with 

-

to 1 NSA using the deep learning-based denoising algorithm 
because we followed the approach to reduce the NSA to a 
minimum and compensate the increasing image noise by 
applying the present DL-denoising algorithm. Lastly, we 
are aware that patient workup for VS requires a highly T2w-

scanner and was not within the scope of this study. Deep 

challenging than 2D imaging due to higher computational 
and memory demands. Furthermore, interpolation tech-

information loss and also increased susceptibility due to 
undersampling artifacts should be considered [22, ].

Advanced deep learning-based denoising algorithms 
are particularly promising in examinations with subtle 

highlights the enormous potential of deep learning-based 
denoising for MRI assessments of vestibular schwannoma, 
demonstrating its capability to reduce examination time, 
improve image quality, or both.
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DL&1NSA sequence achieved image quality equivalent to 

longer acquisition times are acceptable the axial/coronal 
-

ity and overall image quality for VS. Furthermore, quan-

were equivalent across both reference and DL-enhanced 
-

promise measurements accuracy in our study.
Deep learning-based denoising algorithms, particu-

larly convolutional neural networks (CNNs), autoencoders, 

while preserving critical anatomical details. The algorithms 
used in this study uses raw-data-to-image deep learning recon-
struction technology to reduce noise in the measured data.

This is particularly important in brain and head and 

for accurate diagnosis [11, ]. The reduction in acquisi-
tion time enabled by DL-based denoising could become a 
key instrument to overcome the uneven distribution of MRI 
availability. With reduced scan times, not only can more 
examinations be performed within the same time frame, but 
improved patient comfort could also result in less motion 
artifacts and makes it feasible to examine patients with 
severe medical conditions. The noise reduction is particu-

such as lower costs and less demanding infrastructural 
requirements despite its inherently low SNR and longer 
examination times. However, to date, most clinical experi-
ence with DL-based denoising has been reported for muscu-

12, ]. Herrmann et al. have reported 
notable improvements in image quality and scan time in 
musculoskeletal and body imaging using DL-based tech-

Table 3

for each sequence. The corresponding kappa values are given for the 

MRI sequence -
surement 
[mm]

kappa 
value

T1w fs reference axial w/o DL

T1w fs study sequence (DL&1NSA) axial
T1w SPAIR reference coronal w/o DL
T1w SPAIR study sequence coronal 
(DL&2NSA)
T1w SPAIR study sequence coronal 
(DL&1NSA)

NSA SPAIR Spectral 
VS Vestibular Schwannoma

1 3

3572



Neuroradiology (2025) 67:3565–3574

journal of the society of magnetic resonance in medicine / society 

breakthrough technology in clinical imaging. Invest Radiol 

-

the dangers arising from exposure to ionising radiation arD
-

-

superresolution reconstruction for upper abdominal magnetic 
-

 h t t 

implementation of a deep learning MR reconstruction for TSE 
 

clinical evaluation of a deep learning-accelerated, single-breath-

to conventional deep learning-based reconstruction. Eur J Radiol 

-
tocol using deep learning image reconstruction compared with a 

-
ations for original investigations in MRI technical development 
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