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Objectives: To investigate the clinical feasibility and image quality of accelerated brain diffusion-weighted imaging (DWI) with deep 
learning image reconstruction and super resolution.

Methods: 85 consecutive patients with clinically indicated MRI at a 3 T scanner were prospectively included. Conventional diffusion-weighted 
data (c-DWI) with four averages were obtained. Reconstructions of one and two averages, as well as deep learning diffusion-weighted imaging 
(DL-DWI), were accomplished. Three experienced readers evaluated the acquired data using a 5-point Likert scale regarding overall image 
quality, overall contrast, diagnostic confidence, occurrence of artefacts and evaluation of the central region, basal ganglia, brainstem, and 
cerebellum. To assess interrater agreement, Fleiss’ kappa (ϰ) was determined. Signal intensity (SI) levels for basal ganglia and the central region 
were estimated via automated segmentation, and SI values of detected pathologies were measured.

Results: Intracranial pathologies were identified in 35 patients. DL-DWI was significantly superior for all defined parameters, in
dependently from applied averages (p-value < 0.001). Optimum image quality was achieved with DL-DWI by utilizing a single average 
(p-value < 0.001), demonstrating very good (80.9%) to excellent image quality (14.5%) in nearly all cases, compared to 12.5% with very 
good and 0% with excellent image quality for c-MRI (p-value < 0.001). Comparable results could be shown for diagnostic confidence. 
Inter-rater Fleiss’ Kappa demonstrated moderate to substantial agreement for virtually all defined parameters, with good accordance, 
particularly for the assessment of pathologies (p = 0.74). Regarding SI values, no significant difference was found.

Conclusion: Ultra-fast diffusion-weighted imaging with super resolution is feasible, resulting in highly accelerated brain imaging while 
increasing diagnostic image quality.
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INTRODUCTION

D iffusion-weighted imaging (DWI) is of great im
portance, especially in neuroimaging, where it has 
become an indispensable method to detect acute 

ischemia, radiation necrosis, infectious diseases, and to differ
entiate between various neoplastic lesions (1–3). As it highlights 
differences in water diffusion before the net increase of water 
content in the subacute phase of the infarct, changes in DWI 
and the Apparent Diffusion Coefficient (ADC) values can be 
detected within minutes from the onset of ischemia (4,5). 
Moreover, when dealing with acute ischemia, DWI/ Fluid- 
attenuated inversion recovery (FLAIR) mismatch has a high 
specificity and positive predictive value in identifying patients 
with remaining penumbra, who may benefit from mechanical 
thrombectomy (6).

Single-shot echo planar imaging (SS-EPI) is commonly 
used for DWI acquisitions. Unfortunately, corresponding 
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images often suffer from distortion and blurring due to the 
limited bandwidth along the phase encoding direction. As a 
result, their diagnostic value can be limited. In order to re
solve these problems, various methods have been developed, 
including field mapping (7–9). Furthermore, integrating 
readout segmentation EPI techniques such as readout seg
mentation of long variable echo trains (RESOLVE) effec
tively mitigate susceptibility-based distortion of DWI, 
surpassing the limitations of the single-shot EPI technique 
(10). Notably, these techniques require longer scanning 
times and are more susceptible to motion interference. As a 
result, they are typically utilized to study small areas in close 
proximity to air-tissue interfaces (11).

In recent years, deep learning-based (DL) image re
construction in MRI has been increasingly applied due to its 
ability to facilitate faster image acquisition while preserving 
the required diagnostic image quality (12–14). Furthermore, 
DL-based super resolution processing can enhance the spatial 
resolution of conventional DWI (c-DWI) sequences (15,16).

We hypothesized that DL-reconstruction in combination 
with super resolution is clinically feasible, generating high- 
quality diagnostic images while reducing the number of re
quired averages thus resulting in a reduction of acquisition 
time. Therefore, our study aimed to validate a novel DL- 
enhanced diffusion-weighted imaging sequence (DL-DWI), 
which combines DL-based image reconstruction with super 
resolution processing for SS-EPI.

MATERIALS AND METHODS

Study Sample

This single-center prospective study was approved by our 
institution's local ethics committee, and written informed 
consent was obtained (approval number: 2021–15811). Our 
study was conducted in accordance with the Declaration of 
Helsinki and its amendments.

Among 102 eligible patients, 85 consecutive patients were 
included in this study, receiving a clinically indicated brain 
MRI between January 2023 and March 2023 (Fig 1). In
clusion criteria were: i) age >  18 years, ii) clinically stable 
patients (spontaneously breathing, not intubated, stable vital 
signs), iii) ability to give informed consent. Patients were 
excluded in case of any MRI contraindication.

Image Acquisition

All measurements were performed on a 3 T clinical scanner 
(MAGNETOM Skyra, Siemens Healthineers, Erlangen, 
Germany) with a 64-channel head and neck coil. 
Conventional diffusion-weighted data were obtained after 

the patients’ clinically indicated examination. These data 
were reconstructed with conventional GRAPPA to get the 
standard DWI images (b0/b1000; four averages; 119 s). By 
retrospectively reducing the number of averages, abbreviated 
acquisitions were simulated, and DL-based images were re
constructed with a research application software (b0/b1000; 
two averages; 73 s and one average 50 s). The relevant se
quence parameters of the study sequences are listed in 
Table S1.

Deep Learning Reconstruction

DL-DWI employed a deep learning-based reconstruction 
scheme consisting of two subsequent steps: I) As the first step, 
k-space to image reconstruction following the idea of a var
iational network (17) was conducted using precalculated coil 
sensitivities as well as acquired single-shot k-space data. In 
total, 17 unrolled iterations were performed with Nesterov 
extrapolation and trainable step sizes (18). The initial six 
iterations applied data consistency without additional reg
ularization to focus on parallel imaging, i.e. to fill missing k- 
space information. To focus on denoising, the following 11 

Figure 1. Flow diagram of study inclusion and exclusion criteria.

ALTMANN ET AL  Academic Radiology, Vol 31, No 10, October 2024 

4172 4172



iterations additionally employed convolutional neural net
work-based regularization with hierarchical down-up archi
tecture. With the corresponding image-to-image neural 
network, feature maps are extracted from the complex input 
images by iteratively down-sampling with U-blocks using 
convolutions with stride 2, before up-sampling them with 
subpixel convolutions. The training was performed using a 
complex L1 loss function on about 500.000 single-shot DWI 
images. To ensure applicability of the method in real-word 
scenarios and generalization across different field strengths and 
scanner types, these images have been collected on various 
clinical 1.5 T and 3 T scanners (MAGNETOM, Siemens 
Healthineers, Erlangen, Germany) and included different 
body regions. Only the k-space data were stored and accessed 
for training purposes which did not contain any patient-spe
cific information. The acceleration factor was retrospectively 
doubled to generate training pairs. II) In the second step, the 
DL-based reconstructed single-shot images were further pro
cessed using an image-based super resolution network to in
crease spatial resolution. A pixel shuffle network (19) was 
trained on volunteer images from different sequences and 
various body regions. From these data, low-resolution images 
were generated by down-sampling spatial resolution by a 
factor of two, both along the readout and phase-encoding 
direction. The corresponding image pairs served as input for 
the training. Only the undersampled parts of k-space were 
extrapolated by applying hard data consistency to ensure that 
the acquired image content was not modified.

Both reconstruction algorithms were trained offline in a su
pervised setting using PyTorch. After training, the networks 

were frozen and integrated into the C+ + based reconstruction 
pipeline at the scanner. After these two reconstruction steps, 
DWI-specific steps such as averaging (by building the arithmetic 
mean), trace-weighting (by building the geometric mean), and 
ADC calculation (by log-linear fitting) were performed 

Figure 2. Schematic of the reconstruction pipeline used for c-DWI and DLe-DWI. C-DWI, conventional diffusion-weighted imaging; DL- 
DWI, deep learning-based diffusion-weighted imaging.

TABLE 1. Patient Characteristics 

Characteristics Value (n = 85)

Age (years)* 55.1  ±  17.1 (22–94)
Median age 54.0

Sex
Male 36 (42.4%)
Female 49 (57.6%)

Pathologic findings 35 (41.2%)
Metastasis 11 (12.9%)
Acute/subacute infarction 7 (8.2%)
Chronic infarction 4 (4.7%)
Acute/subacute 
demyelinization

3 (3.5%)

Intracranial hemorrhage 2 (2.4%)
Neuroglial neoplasia 2 (2.4%)
Severe periventricular Gliosis 1 (1.1%)
Postoperative scar 1 (1.1%)
Hygroma 1 (1.1%)
Cavernoma 1 (1.1%)
Ventriculitis 1 (1.1%)
Large postoperative Defect 1 (1.1%)

No clinically relevant findings 50 (58.8%)

* Data are mean ±  1 SD, with ranges in parentheses
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identically to standard DWI. In DL-based reconstruction 
methods, the computationally demanding task is the training 
process of the networks, while the actual inference requires 
significantly less time. Given that the training was performed 
once and in an offline setting, only the inference time is decisive 
for the clinical workflow. The inference time for each DL-DWI 
dataset was less than 2 min, therefore not limiting the clinical 
applicability of the proposed reconstruction. The described DL- 
based reconstruction steps were performed without sharing in
formation between different b-values, diffusion directions, or 
averages. This enabled the retrospective reduction of averages, 
used in this study to simulate accelerated scans by only applying 
the reconstruction on a subset of the originally acquired averages. 
A schematic of the reconstruction pipeline is depicted in 
Figure 2.

Subjective Image Evaluation

Subjective image evaluation was performed by three radi
ologists (___ with five years of experience in brain MRI; ___ 

and ___ with seven years of experience in brain MRI), 
blinded to the imaging protocols. Any participant- or se
quence-identifying markers were removed. The raters as
sessed subjective image quality regarding overall image 
quality, the occurrence of artefacts, and diagnostic con
fidence. Furthermore, an assessment of several anatomic re
gions (central region, basal ganglia, cerebellum) and 
assessment of pathologies was performed. The raters used a 
5-point Likert scale throughout all patients and categories, as 
shown in Table S2.

(Semi-)Quantitative Image Analysis

The automated determination of the mean diffusion para
meters (TRACE and ADC) of the white matter and basal 
ganglia was performed using SPM 12 (The Welcome Centre 
for Human Neuroimaging, UCL Queen Square Institute of 
Neurology, London, UK) and Matlab 2022b (The 
MathWorks, Natick/MA, USA). Diffusion-weighted data
sets were first coregistered to a T1-weighted volume dataset 

Figure 3. Results of the analysis of overall image quality and diagnostic confidence for conventional and deep learning accelerated se
quences; c-DWI (A + C), DL-DWI (B + D). C-DWI, conventional diffusion-weighted imaging; DL-DWI, deep learning-based diffusion- 
weighted imaging.
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(voxel size 1.6 × 1.6 × 1.6 mm³) and then normalized to 
the Montreal Neurological Institute (MNI) brain template 
(20). This allows access to the associated NMM segmenta
tions (Neuromorphometrics, Inc.) and their application to 
the diffusion data. The mean and standard deviation of the 
diffusion parameters were thus determined in the basal 
ganglia and white matter regions. Furthermore, diffusion 
data of detected pathologies were manually assessed.

Statistical Analysis

Statistical analysis was performed using SAS 9.4 (SAS 
Institute, Cary NC). Continuous variables are reported as the 
mean, standard deviation, minimum, maximum and quar
tiles. Categorical variables are reported as absolute and re
lative frequencies. For interrater agreement, the multi- 
rater Fleiss kappa (ϰ) was determined. The level of agree
ment was defined as follows: poor, ϰ <  0.21; fair, 

ϰ = 0.21–0.40; moderate, ϰ = 0.41–0.60; substantial, ϰ = 
0.61–0.80; and almost perfect, ϰ = 0.81–1.0 (21).

For comparison of ordinal data, proportional odds gen
eralized estimating equations (GEE) models were applied. 
Patients and readers were included as random effects to ac
count for clustered data resulting from multiple-ratings and 
thus obtaining correct standard errors. An independent 
working correlation structure was applied since measure
ments were done independently within clusters. 
Furthermore, each rater assessed all subjects; hence, the un
derlying clusters can be described as homogenous. To 
quantify how the employed MRI acquisition methods 
compare against each other, odds ratios with corresponding 
95%-confidence intervals were calculated.

The continuous pathology and segmentation data were 
rated by one person, therefore, mixed models for repeated 
measurements (MMRM) were used. P-values of less than 
0.05 were considered statistically significant.

TABLE 3. Results of Multi-reader Inter-rater Agreement for DWI 

Parameter Avg. c-DWI DL-DWI

κm 95%-CI κm 95%-CI

Artefacts 1 avg. 0.80 [0.722;0.882] 0.78 [0.691;0.869]
2 avgs. 0.78 [0.693;0.869] 0.77 [0.674;0.858]
4 avgs. 0.86 [0.793;0.932] 0.80 [0.72;0.888]

Basal Ganglia 1 avg. 0.52 [0.362;0.675] 0.52 [0.4;0.649]
2 avgs. 0.56 [0.392;0.73] 0.40 [0.114;0.686]
4 avgs. 0.51 [0.378;0.648] 0.53 [0.337;0.721]

Central Region 1 avg. 0.57 [0.443;0.687] 0.65 [0.558;0.748]
2 avgs. 0.50 [0.352;0.656] 0.35 [0.075;0.615]
4 avgs. 0.52 [0.39;0.657] 0.47 [0.285;0.648]

Cerebellum 1 avg. 0.53 [0.395;0.664] 0.64 [0.503;0.78]
2 avgs. 0.74 [0.623;0.866] 0.51 [0.303;0.727]
4 avgs. 0.72 [0.596;0.835] 0.44 [0.236;0.642]

Diagnostic Confidence 1 avg. 0.53 [0.382;0.67] 0.50 [0.311;0.689]
2 avgs. 0.59 [0.434;0.752] 0.54 [0.25;0.824]
4 avgs. 0.50 [0.356;0.646] 0.30 [0.057;0.543]

Brainstem 1 avg. 0.56 [0.401;0.71] 0.56 [0.437;0.69]
2 avgs. 0.63 [0.464;0.79] 0.60 [0.456;0.749]
4 avgs. 0.48 [0.305;0.659] 0.60 [0.461;0.738]

Overall Image Quality 1 avg. 0.58 [0.395;0.756] 0.48 [0.299;0.656]
2 avgs. 0.66 [0.483;0.83] 0.57 [0.262;0.874]
4 avgs. 0.53 [0.391;0.66] 0.46 [0.118;0.802]

Assessment of pathologies 1 avg. 0.51 [0.235;0.775] 0.74 [0.556;0.926]
2 avgs. 0.50 [0.274;0.734] 0.61 [0.323;0.897]
4 avgs. 0.66 [0.484;0.83] 0.64 [0.439;0.838]

Avg., average; c-DWI, conventional diffusion-weighted imaging; CI, Confidence interval; DL-DWI, deep learning-based diffusion-weighted 
imaging; κm, multi-reader kappa

ALTMANN ET AL  Academic Radiology, Vol 31, No 10, October 2024 

4176 4176



RESULTS

Description of Patient Data and Findings

Diffusion-weighted images were successfully acquired in all 
85 consecutive patients (36 male, 49 female) with a mean age 
of 55 ranging from 22 to 94 years. Intracranial pathologies 
were recognized in 35 patients. Patient’s characteristics are 
provided in Table 1.

Subjective Comparison

DL-DWI proved significantly superior for all defined para
meters while showing similar results for recognized image 
artefacts, independently from applied averages (p-value 
< 0.001). Best results could be shown for DL-DWI with 
one average revealing excellent overall image quality in 
14.5% of cases compared to 0% for c-DWI and in 81% of 

patients with very good image quality compared to 12.5% for 
c-DWI, as shown in Figure 3 (Table S3). Thereby, overall 
image quality (odds ratio [95% confidence interval]: 389.94 
[161.55; 941.24]; p-value < 0.001), diagnostic confidence 
(odds ratio [95% confidence interval]: 412.41 [175.18; 
970.89]; p-value < 0.001) and the assessment of pathologies 
was also significantly superior for DL-DWI with one average 
(odds ratio [95% confidence interval]: 471.26 [172.17; 
1289.94]; p-value < 0.001). By increasing the applied 
averages, DL-DWI's superiority to conventional MRI be
comes less appreciable but is nevertheless still clearly re
cognizable. It is noteworthy that DL-DWI exhibits a dip in 
performance when only two averages are considered and gets 
better with four averages again, slightly better compared to 
conventional MRI, except for the cerebellum (Table 4). 
Odds ratios for all defined parameters are displayed in detail 
in Table 2.

Figure 4. Axial acquisitions of a healthy patient; c-DWI (a–c), DL-DWI (d–f). C-DWI, conventional diffusion-weighted imaging; DL-DWI, deep 
learning-based diffusion-weighted imaging.
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DL-DWI did not augment nor create new artefacts, as the 
Odds ratio did not demonstrate significant differences re
gardless of applied averages (Table 2). Furthermore, multi- 
reader inter-rater agreement showed nearly similar results for 
conventional and deep learning reconstructed images 
(Table 3).

Figure 4 compares c-DWI vs DL-DWI reconstructions 
with averages of one, two, and four. Figures 5 and 6 present 
examples of a 51-year-old female patient with breast cancer 
and metastasis at the right caput of the nucleus caudatus 
(Fig 5), and a 61-year-old female patient with subacute 
ischemia at the left occipital pole after bypass surgery and 
ECMO (Fig 6). An additional case of a 76-year-old female 
patient with listeria monocytogenes infection of the brain 
and concomitant ventriculitis is presented in Figure 7.

Inter-rater Fleiss' Kappa demonstrated moderate to sub
stantial agreement for virtually all defined parameters, with 
good accordance, particularly for the assessment of pathol

ogies (ϰ = 0.74). For the detailed results of multi-reader 
inter-rater agreement for DWI refer to Table 3.

(Semi-)Quantitative Image Analysis

The signal values of the diffusion parameters of the basal 
ganglia, the white matter of the precentral region, and de
tected pathologies did not demonstrate significant differences 
between different averages and techniques. A detailed 
comparison of absolute DWI and ADC values for different 
averages and techniques is given in Table Table 4.

DISCUSSION

This study aimed at testing the clinical feasibility of a novel deep 
learning-enhanced DWI Sequence and demonstrating its ad
vantages by comparing it to conventional diffusion-weighted 

Figure 5. A 51-year-old female patient with a metastasis of breast cancer at the right caput of the nucleus caudatus; c-DWI (a–c), DL-DWI 
(d–f). C-DWI, conventional diffusion-weighted imaging; DL-DWI, deep learning-based diffusion-weighted imaging.
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imaging. Our results show that super resolution DL-DWI has the 
potential to markedly shorten acquisition times without com
promising image quality. Image quality was rated superior in DL- 
DWI scans compared to conventional reconstructions with even 
longer acquisition times for all defined parameters. With a total 
acquisition time of 50 s, DL-DWI demonstrated even superior 
image quality and diagnostic confidence compared to c-DWI, 
which had four averages and a total acquisition time of 119 s. 
Furthermore, we were able to show that deep learning-based 
reconstruction has no impact on apparent diffusion coefficient 
quantitation, as demonstrated in previous publications (22). We 
could also demonstrate the technique's robustness, as DL-DWI 
did not augment or create new artefacts. To the best of our 
knowledge, this is the first study to present and evaluate this 
novel DL-DWI algorithm at 3 Tesla for brain MRI.

Super resolution is a technique that can enhance image 
sharpness and reduce blurring without altering the acqui
sition parameters of conventional imaging techniques. 
This can improve the overall quality of the image. 
Additionally, this approach can be used simultaneously 
with denoising techniques to further enhance the image 
quality (23–25).

In general, high-resolution DWI is in crucial demand as 
it offers the potential to gain an in-depth comprehension of 
in-vivo tissue microstructure. Thereby, multi-b-value 
diffusion MRI methods can provide valuable insights into 
the tissue microstructure by pseudo-diffusion and non- 
Gaussian components of water molecule diffusion, espe
cially in structurally complex tissues (26). Up to this point, 
single-shot echo-planar imaging (EPI) has been a routinely 

Figure 6. A 61-year-old female patient with subacute ischemia at the left occipital pole after bypass surgery and ECMO. Note the superior 
image quality of DL-DWI; c-DWI (a–c), DL-DWI (d–f). C-DWI, conventional diffusion-weighted imaging; DL-DWI, deep learning-based dif
fusion-weighted imaging.
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used technique. However, it is essential to understand that 
this acquisition method has several limitations, such as 
T2 * blurring, susceptibility artefacts, and background 
noise, which can impair diagnostic accuracy. Scanning 
time has to be increased (e.g., by applying additional 
averages) to improve image quality and to allow for high 
spatial resolution with conventional methods (27). With a 
steady increase in medical examinations and financial 
pressure on healthcare providers, employing strategies to 
improve image quality without delaying clinical workflow 
is crucial (28,29).

Up to date, in order to generate fast DWI, conventional 
acceleration techniques, such as SMS, ssEPI and GRAPPA 
reconstruction, are most often used. Using these techniques, 
there is always a trade-off between image quality and the 

benefit of rapid image acquisition in terms of restless patients 
or emergency settings (14,30). Integrating deep-learning 
enhanced MRI into clinical routine can lead to expedited 
diagnostic processes with markedly reduced examination 
times while maintaining the standard of diagnostic image 
quality (13,14,31,32). As highlighted in this study, novel 
methods of deep learning-based MRI reconstruction can 
help establish high-resolution DWI in the clinical routine 
and significantly improve image quality when highly ac
celerated images are required.

This study has limitations. The generalizability of our 
results is hampered as this is a single-center study. In addi
tion, we did not evaluate the diagnostic accuracy for parti
cular diseases. Further studies with larger samples and 
homogeneous pathologies are therefore needed.

Figure 7. A 76-year-old female patient with listeria monocytogenes infection of the brain and concomitant ventriculitis c-DWI (a–c), DL-DWI 
(d–f). C-DWI, conventional diffusion-weighted imaging; DL-DWI, deep learning-based diffusion-weighted imaging.

ALTMANN ET AL  Academic Radiology, Vol 31, No 10, October 2024 

4180 4180



CONCLUSION

Ultra-fast diffusion-weighted imaging with super resolution 
is feasible, resulting in highly accelerated brain imaging while 
increasing diagnostic image quality. This technique has the 
potential to further strengthen the role of MRI, especially in 
neurological emergencies.
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TABLE 4. Detailed Comparison of Absolute ADC and DWI Values for c-DWI and DL-DWI 

Parameter Estimate SE 95%-CI p-value

ADC-Value Pathology c-DWI 1 avg. 1312.6 167.04 985.23;1640.01

2 avgs. -52.82 59.98 -170.38; 64.74 0.378
4 avgs. -5.50 13.87 -32.68; 21.68 0.692

DL-DWI 1 avg. 5.85 7.45 -8.74; 20.45 0.432
2 avgs. 0.29 11.76 -22.76; 23.35 0.980
4 avgs. 3.21 15.14 -26.47; 32.88 0.832

DWI-value pathology c-DWI 1 avg. 228.74 26.20 177.39; 280.08
2 avgs. -1.35 2.58 -6.41; 3.70 0.600
4 avgs. -2.94 4.37 -11.50; 5.62 0.501

DL-DWI 1 avg. -1.38 4.04 -9.30; 6.54 0.732
2 avgs. -0.74 3.82 -8.22; 6.75 0.847
4 avgs. 0.85 3.25 -5.53; 7.23 0.793

ADC central region c-DWI 1 avg. 868.92 7.47 854.06; 883.77
2 avgs. -0.25 10.56 -21.01; 20.52 0.981
4 avgs. 4.44 10.56 -16.33; 25.20 0.675
1 avg. 14.31 10.56 -6.46; 35.07 0.176
2 avgs. 13.92 10.56 -6.85; 34.68 0.188
4 avgs. 19.21 10.56 -1.55; 39.98 0.070

DWI central region c-DWI 1 avg. 148.38 4.08 140.26; 156.49
2 avgs. -0.07 5.77 -11.42; 11.28 0.990
4 avgs. -0.86 5.77 -12.21; 10.49 0.882

DL-MRI 1 avg. 0.95 5.77 -10.39; 12.30 0.869
2 avgs. 0.65 5.77 -10.70; 11.99 0.911
4 avgs. 9.38 5.77 -1.97; 20.72 0.105

ADC basal ganglia c-DWI 1 avg. 1155.4 32.62 1090.58;1220.3
2 avgs. -2.55 46.13 -93.23; 88.12 0.956
4 avgs. -0.64 46.13 -91.31; 90.04 0.989

DL-MRI 1 avg. 37.74 46.13 -52.93; 128.42 0.414
2 avgs. 36.91 46.13 -53.77; 127.58 0.424
4 avgs. 41.44 46.13 -49.24; 132.11 0.370

DWI basal ganglia c-DWI 1 avg. 125.04 6.46 112.20; 137.98
2 avgs. -0.07 9.13 -18.02; 17.87 0.994
4 avgs. -0.66 9.13 -18.60; 17.29 0.943

DL-MRI 1 avg. -0.86 9.13 -18.80; 17.09 0.925
2 avgs. -1.27 9.13 -19.22; 16.67 0.889
4 avgs. 12.46 9.13 -5.49; 30.40 0.173

All statistics based on GEE. Patients were included as random effects. p-Value: based on score test with the nullhypothesis of effect 
estimates being zero; assessment was performed only by reader 1; ADC, apparent diffusion coefficient; c-DWI, conventional diffusion- 
weighted imaging; DL-DWI, deep learning-based diffusion-weighted imaging.
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APPENDIX A. SUPPORTING INFORMATION

Supplementary data associated with this article can be found 
in the online version at doi:10.1016/j.acra.2024.02.049.
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