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s t r u c t u r e d a b s t r a c t

Introduction: Artificial intelligence is increasingly influencing medical imaging workflows by enhancing 
image quality and reducing acquisition time. The purpose of this study is to evaluate the use of artificial 
intelligence (AI) reconstruction methods for knee magnetic resonance imaging (MRI) investigations. 
Methods: An exploratory comparison was performed between AI-enhanced and standard 3T knee MRI 
protocols. Sequences included sagittal T1-weighted (T1w) fast spin echo (FSE), proton density-weighted 
(PDw) FSE fat saturation (FS) and T2w FSE, with additional PDw FSE FS axial and coronal views. Pa-
rameters were adjusted to improve image quality (IQ) and shorten scan duration. The optimised AI 
protocol was tested on ten healthy volunteers. Three MRI experts independently assessed images 
visually using ViewDEX. Visual grading analysis (VGA), inter-observer agreement (Kappa), and visual 
grading characteristics (VGC) were utilised for evaluation.
Results: VGA results demonstrated that AI reconstruction produced equal or superior scores across most 
anatomical and IQ criteria, with a time reduction of 36.9 % (8:22 min vs 13:15 min). All the AI-enhanced 
sequences were judged as clinically acceptable. Kappa values indicated moderate-to-good agreement for 
AI sequences, whereas agreement for standard sequences ranged from low to good. VGC confirmed 
statistically higher performance for AI images (AUC VGC 0.76–0.81, p ≤ 0.05).
Conclusion: This study indicates that incorporating AI into knee MRI protocols can substantially enhance 
overall image quality while simultaneously reducing acquisition time by 36.9 %. However, further 
research is needed to reinforce these findings through clinical validation.
Implication for practice: AI can reduce scan time without lowering image quality, improving workflow 

and patient throughput. Understanding how acquisition parameters affect image quality and artefacts is 
crucial when integrating AI reconstruction into protocols.
© 2026 The Author(s). Published by Elsevier Ltd on behalf of The College of Radiographers. This is an 

open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Introduction

The knee is a complex joint composed of bones, ligaments, 
tendons, bursae, and other soft tissues, all of which may be 
affected by pathologies such as tendinitis, bursitis, ligament in-
juries, trauma, or osteoarthritis. 1 Knee pain represents a frequent

clinical issue, accounting for roughly 6 % of primary care consul-
tations in Switzerland, with nearly half of the population reporting 
this at least once in their lifetime. 2

Multiple imaging modalities can be used to assess the knee, 
including projection radiography, computed tomography (CT), 
magnetic resonance imaging (MRI), and ultrasound. Radiography 
and CT expose patients to ionising radiation and have limited soft-
tissue contrast, while ultrasound struggles with deep and intra-
osseous structures due to bone interference. 3 MRI has therefore 
become the gold standard for evaluating soft tissue structures of 
the knee joint. 4,5 However, it remains costly, less accessible, and 
time-consuming, potentially reducing patient comfort, 6,7 espe-
cially in anxious or claustrophobic individuals, 8,9 and presents

* Corresponding author. School of Health Sciences (HESAV), University of 
Applied Sciences and Arts Western Switzerland (HES-SO), Lausanne 1011, 
Switzerland.

E-mail addresses: switindersingh.ghotra@hesav.ch (S.S. Ghotra), lucas.buttex@ 
chuv.ch (L. Buttex), leo.gallus@h-ju.ch (L. Gallus), yann.cottier@hotmail.ch 
(Y. Cottier), jonathan.mcnulty@ucd.ie (J. McNulty), allison.mcgee@ucd.ie
(A. McGee), claudia.sadosreis@hesav.ch (C. S �a dos Reis).

Contents lists available at ScienceDirect

Radiography

journal homepage: www.elsevier .com/locate/radi

https://doi.org/10.1016/j.radi.2026.103380
1078-8174/© 2026 The Author(s). Published by Elsevier Ltd on behalf of The College of Radiographers. This is an open access article under the CC BY license (http:// 
creativecommons.org/licenses/by/4.0/).

Radiography 32 (2026) 103380

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
mailto:switindersingh.ghotra@hesav.ch
mailto:lucas.buttex@chuv.ch
mailto:lucas.buttex@chuv.ch
mailto:leo.gallus@h-ju.ch
mailto:yann.cottier@hotmail.ch
mailto:jonathan.mcnulty@ucd.ie
mailto:allison.mcgee@ucd.ie
mailto:claudia.sadosreis@hesav.ch
http://crossmark.crossref.org/dialog/?doi=10.1016/j.radi.2026.103380&domain=pdf
www.sciencedirect.com/science/journal/10788174
http://www.elsevier.com/locate/radi
https://doi.org/10.1016/j.radi.2026.103380
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.radi.2026.103380


safety contraindications related to magnetic fields and implanted 
devices. 10,11

A typical knee MRI scan lasts 15–20 min, 12 increasing vulner-
ability to motion artefacts in patients who cannot remain still, 
potentially compromising diagnosis. 13 Image quality depends on 
spatial resolution, contrast, noise, and artefacts. 14,15 To address 
acquisition time and quality limitations, artificial intelligence (AI) 
has emerged as a promising solution, 16–19 enabling faster scans 
followed by deep-learning reconstruction to enhance signal-to-
noise ratio (SNR) or spatial resolution. 16,17,20

These methods leverage deep learning models trained on raw 

or reconstructed data to enhance spatial resolution, suppress 
noise, and preserve anatomical detail. Within this context, vendor-
specific implementations, such as deep learning–based sharpening 
and denoising frameworks, have shown the ability to achieve high 
SNR and consistent anatomical reproduction while enabling 
reduced acquisition times. 21–27

Despite its potential, AI performance varies depending on 
clinical use-cases, 28,29 requires suitable hardware, 30 and may 
amplify or create artefacts unrecognised in algorithm training. 21,31 

Proper understanding by MRI staff is essential for safe clinical 
implementation. 32,33 Although AI promises workflow benefits, 
literature remains limited regarding comparative image-quality 
evaluation and potential hallucination risks in clinical set-
tings. 21,34 The main objective of this study is to evaluate the use of 
AI reconstruction methods for knee MRI investigations.

Methods

Study design

This pilot exploratory study was conducted in three main steps: 
Image acquisition, Image evaluation, and Data analysis.

Study data were acquired prospectively after informing and 
obtaining written consent from each volunteer participant, in 
accordance with ethical principles. All data were anonymised, 
safely stored in a secured server with limited access to the authors 
and have been managed in compliance with the General Data 
Protection Regulation (GDPR). Ethical approval for this study has 
been granted by the Ethics Committee Vaud (CER-VD, Project-ID: 
2024-01679).

Image acquisition

Study population
For this pilot study, 10 healthy volunteers, aged 18–35 years, 

were recruited regardless of their gender or body mass index 
(BMI), in order to take into account the diversity of the population 
and to assess the performance of the sequences in a diverse pop-
ulation. 35 The age criterion was chosen based on the completion of 
growth and the general good health of the knee. From a certain 
age, the joint and the bone structure of the knee are more sus-
ceptible to wear. 36,37 Participants with known knee pathologies, 
contraindications to MRI, claustrophobia or pregnancy were 
excluded. Participation was entirely voluntary. The research

information sheet and the consent form were provided to the 
participants in advance. They were given at least one week to 
reflect and decide whether to participate in this study.

MRI scan protocol
Image acquisitions were performed on a 3T MAGNETOM Vida 

Fit with XA60 software (Siemens Healthineers, Erlangen, Ger-
many) in December 2024 using a dedicated 15-channel 
transmit–receive knee coil. Multiplanar fast spin echo (FSE) T1-
weighted (T1w), T2-weighted (T2w), and proton density-
weighted (PDw) sequences with chemical shift-selective (CHESS) 
fat saturation (FS) were acquired with and without the manufac-
turer's AI solution (Table 1). Siemens Deep Resolve (DR) acceler-
ates 2D FSE MRI, with Deep Resolve Boost (DRB) and Deep Resolve 
Gain (DRG) applying raw-data–based iterative denoising to in-
crease SNR. DRB is currently restricted to 2D FSE with short tau 
inversion recovery (STIR) or CHESS, whereas DRG can also be 
combined with DIXON (a chemical shift imaging method facili-
tating water and fat signal separation). Denoising strength is 
adjustable (DRB: low/medium/high; DRG: denoising levels 1/4/8 
and edge-enhancing factor of 2), and both operate with Deep 
Resolve Sharp (DRS) for sharpness enhancement. 38,39 By reducing 
noise and improving spatial resolution, Deep Resolve enables the 
acquisition of lower spatial resolution and higher-noise images 
with modified parameters, shortening scan time. However, such 
adjustments may also alter contrast or increase smoothing and 
artefacts, affecting anatomical fidelity. 31

Knee parameters modification
The first optimisation phase was performed on one participant. 

Acquisition parameters were adjusted by modifying spatial reso-
lution, parallel imaging acquisition, reference scan type (inte-
grated vs. separate), and oversampling, in addition to testing 
different AI reconstruction levels. The best DRB protocol meeting 
clinical image quality requirements, as determined by the 
researcher/independent assessor(s) against defined image quality 
criteria, was then validated against the standard protocol in 10 
participants.

During optimisation, multiple configurations were compared 
using DRB and DRB + DRS. Parameters tested included: 1) spatial 
resolution reductions of 10 %, 30 %, and 50 %; 2) integrated Parallel 
Acquisition Techniques (iPAT factor 3 or 4); 3) integrated vs. non-
integrated FSE reference scans; and 4) oversampling levels of 50 %, 
100 %, and 200 %. 40 Each adjustment affected acquisition time, 
spatial resolution, and SNR. Final parameters used for the standard 
(STD) and Deep Resolve Boost (DRB) sequences acquired for this 
study are shown in Table 2.

Image evaluation

Visual grading analysis (VGA) was the approach used to assess 
images with human observers as the evaluation concerned the 
visibility and reproduction of healthy anatomical structures, as 
well as image quality. 41 VGA provides detailed information on the 
performance of a new technique, as well as for optimising image

Table 1
Knee MRI initial test acquisition protocol.

Standard protocol Deep Resolve Gain and Sharp protocol Deep Resolve Boost and Sharp protocol

T1w FSE sagittal T1w FSE sagittal T1w FSE sagittal 
PDw FSE FS sagittal PDw FSE FS sagittal PDw FSE FS sagittal 
T2w FSE sagittal T2w FSE sagittal T2w FSE sagittal 
PDw FSE FS axial PDw FSE FS axial PDw FSE FS axial 
PDw FSE FS coronal PDw FSE FS coronal PDw FSE FS coronal
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quality and protocols. Observers rate their personal perception 
and their confidence in visualising the defined anatomical 
structures, as well as the image quality.

For this type of study, absolute VGA was chosen, as the 
objective was to evaluate the images singularly rather than 
compare them directly to a reference image, which would 
require the use of relative VGA. 41

Criteria for evaluating knee MRI images
Six main anatomical criteria were compiled from the liter-

ature. 42–45 The list included various anatomical structures 
necessary for the evaluation of the knee joint. Several criteria 
were included to assess image quality and the presence of ar-
tefacts or distortions. Finally, one question evaluated whether 
observers were confident in the clinical acceptability of the 
images they reviewed (Table 3).

Observers assessed the images according to the anatomical 
and image quality criteria using a grading scale based on a four-
point Likert scale. Anatomical criteria were graded as 1 ″not 
defined”, 2 “partially defined”, 3 “defined”, 4 “clearly defined”, 
while image quality criteria were graded as 1 “very poor”, 2 
“poor”, 3 “adequate”, 4 “very good”. They also had to indicate 
whether an artefact or image distortion affected anatomical 
structure visualisation with a closed-end question, yes/no.

Conditions for image evaluation
Image evaluation was performed under clinical viewing 

conditions (≤50 lux) using the same workstation and diagnostic 
monitor for all readers. Images were assessed in ViewDEX 3.0 
((Viewer for Digital Evaluation of X-ray Images), a Java-based 
DICOM viewer for observer studies. 46–49 The software enabled 
scrolling through full image stacks without allowing revision of 
previous scores, and individual login accounts ensured separate 
data collection for each observer.

Subjective evaluation by observers
Images were evaluated by musculoskeletal (MSK) MRI 

experienced radiographers with 16–20 years of clinical experi-
ence, to ensure anatomical and clinical image-quality adequacy. 
The study protocol and software use were explained beforehand 
to standardise image assessment. A known limitation of VGA is 
the absence of a reference image, which can increase intra- and 
inter-observer variability, 41 this was mitigated by clearly out-
lining the evaluation objectives and criteria prior to evaluate.

Data analysis

Visual grading analysis
Mean scores were calculated for each sequence based on 

descriptive anatomical criteria to determine whether anatomical 
definition was clinically adequate (mean > 3) and images were 
clinically acceptable. Each criterion was rated on a four-point 
Likert scale, and the presence artefacts/distortions affecting 
critical anatomy was recorded via a yes/no response. This 
allowed evaluation of whether a sequence met clinical image-
quality requirements, but not direct comparison of perfor-
mance, as Likert scales lack uniform interval distances and are 
subject to perceptual variability. 41

Visual Grading Characteristics
As absolute VGA is limited to mean ordinal scores and cannot 

reliably identify superior sequences, image quality comparisons 
were performed using the validated Visual Grading Character-
istics (VGC) method. 41,50,51 VGC applies non-parametric analysis 
to ordinal data without assuming a specific distribution andTa
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accounts for systematic observer ranking. As VGC is limited to 
pairwise comparisons, multiple variables were analysed using 
separate VGC analyses with VGC Analyser software. 52–54 

Differences in image quality were quantified using the area 
under the VGC curve (AUC VGC ). An AUC VGC of 0.5 indicates 
equivalent image quality, values > 0.5 favour the test sequence, 
and values < 0.5 favour the reference sequence. 50,51

Inter-observer agreement
Intra-observer agreement was assessed using the Fleiss’ kappa 

statistic, calculated from categorised VGA scores and interpreted 
according to Landis and Koch. 55–57

Results

Participants’ characteristics

10 participants were enrolled, seven women and three men. 
Age ranged mainly from 22 to 25 years, with an outlier participant 
of 30 years, weight from 55 to 88 kg, mainly with an outlier of 
125 kg, height from 162 to 187 cm, and body mass index (BMI) 
from 20.07 to 27.68 (kg/cm 2 ), with an outlier of 40.35 BMI(Table 4).

Test and optimisation phase

Multiple parameter combinations were tested to optimise im-
age quality while reducing acquisition time, specific absorption 
rate (SAR), and artefacts. The final protocol selected (Table 2) 
incorporated DRB medium, iPAT 4, a separate reference scan, 10 % 
spatial resolution reduction, which was achieved by reducing the 
matrix size and therefore increasing pixel size at a constant field-
of-view (FOV), and 100 % oversampling. The total time of the final 
protocol selected (08:22) is fast than the standard protocol (13:15), 
resulting in 36.9 % reduction in acquisition time.

DRG produced noisier images than DRB (Fig. 1). Strong DRB 
introduced smoothing, whereas weak DRB increased noise, mak-
ing medium DRB the most balanced. iPAT 3 offered no SNR benefit 
and increased scan time compared with iPAT 4. Integrated refer-
ence scans reduced anatomical detail and increased noise. 
Simultaneous Multi-Slice (SMS) increased SAR. Matrix reductions 
of 30–50 % degraded spatial resolution (bigger pixel size) and 
introduced blurring relative to a 10 % reduction (Fig. 2). Over-
sampling at 50 % caused artefacts, while 150 % prolonged scan time 
without quality improvement over 100 % oversampling (Fig. 3).

Visual grading analysis

For the sagittal PDw FS FSE sequence, VGA scores were 
consistently higher with DRB than with the corresponding stan-
dard. DRB scored highest for the meniscus (3.77) and lowest for 
bone (3.57), while standard achieved its best VGA scores for 
fluid–cartilage and fluid–soft tissue contrast (3.60) and its lowest 
for sharpness (2.60). Artefacts, almost not present, were mainly 
reported in DRB than in the standard (Fig. 5).

For the coronal PDw FS FSE sequence, DRB sequence also out-
performed the standard protocol, with the highest score for 
fluid–soft tissue contrast (3.93) and the lowest for overall image 
quality (3.43). In comparison, the standard sequence reached 3.30 
for fluid–soft tissue and fluid–cartilage contrast, with its lowest 
score in sharpness (2.30) (Fig. 6).

Table 3
Image evaluation criteria.

Knee MRI Anatomical Criteria

1 Bone structures are: 1 2 3 4
2 Bone marrow is: 1 2 3 4
3 Cortical bone is: 1 2 3 4
4 The meniscus is: 1 2 3 4
5 The ligaments are: 1 2 3 4
6 The tendons are: 1 2 3 4

Image quality criteria

7 Overall image quality is: 1 2 3 4
8 The noise is 1 2 3 4
9 The contrast is: 1 2 3 4
10 The fluid-cartilages contrast is 1 2 3 4
11 The fluid-soft tissue contrast is 1 2 3 4
12 The definition (resolutions) of the structure is 1 2 3 4
13 The blur is: 1 2 3 4

Artefact and distortion

14 Does any artefact prevent correct visualisation of the anatomy? Yes No
15 Does image distortion prevent correct visualisation of the anatomy? Yes No

Clinical acceptability

16 Would you clinically accept these images? 1 2 3 4

Anatomical criteria (1–6) are assessed on a Likert scale of 1–4: 1 ‘not defined’; 2 ‘partially defined’; 3 ‘defined’; 4 ‘clearly defined’. 
Image quality criteria (7–13) are assessed on a Likert scale of 1–4: 1 ‘very poor’; 2 ‘poor’; 3 ‘adequate’; 4 ‘very good’.
Problems with artefacts, distortion for relevant anatomy (14–15) are assessed by a closed ‘yes’ or ‘no’ response question.
Clinical acceptability (16) is assessed on a Likert scale of 1–4: 1 ‘not confident’; 2 ‘partially confident’; 3 ‘confident’; 4 ‘clearly confident’.

Table 4
Participant's characteristics.

Number Gender Age Weight (kg) Height (cm) BMI (kg/cm2)

1 M 25 125 176 40.35
2 F 30 66 171 22.57
3 F 22 55 162 20.96
4 F 24 68 162 25.91
5 M 22 85 187 24.31
6 M 24 83 178 26.20
7 F 22 80 170 27.68
8 F 23 60 170 20.76
9 F 25 68 173 22.72
10 F 24 58 170 20.07
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For the axial PDw FS FSE sequence, DRB was again rated higher 
overall than STD, with the highest score for fluid–soft tissue 
contrast (3.77) and the lowest for overall image contrast (3.37). In 
the standard protocol, overall contrast was slightly higher than 
DRB (3.40 vs 3.30), while the best score reached 3.63 for fluid–soft 
tissue contrast and the lowest was 2.50 for image noise (Fig. 7). 

For the sagittal T1w FSE sequence, DRB achieved the study's 
highest score (4.00) for cortical bone and a lowest score of 3.63 for 
fluid–soft tissue contrast. In comparison, standard scored highest 
for noise (3.70) and lowest for sharpness (2.90). Overall, DRB 
outperformed the standard across all evaluated criteria (Fig. 8). 

For the sagittal T2w FSE sequence, the highest score was 3.97 
for tendons, with the lowest at 3.63 for both fluid–cartilage and 
fluid–soft tissue contrast. In the standard protocol, noise scored 
highest (3.50) and sharpness lowest (2.03), notably below the DRB 
sharpness score (3.87). This sequence demonstrated the greatest 
performance gap between DRB and standard across all sequences 
(Fig. 9).

Overall, VGA scores show that DRB sequences were equal or 
superior to standard sequences for most criteria, except sagittal

T2w, PDw FS, and axial PDw FS, where artefacts were more 
frequent in DRB sequences. Despite this, DRB was generally rated 
higher in perceived image quality and provided a 36.9 % reduction 
in acquisition time (Table 2 and Fig. 4).

Visual grading characteristics (VGC)

Regarding the VGC analysis, the vertical axis of the graph rep-
resents the test condition, meaning the DRB sequences, and the 
horizontal axis represents the reference conditions, meaning the 
standard sequences (Fig. 10). The DRB is performing significantly 
better compared to the standard protocol (p-value<0.05; 95%CI) 
with AUC VGC values ranging from 0.76 to 0.81, indicating good 
discrimination in favour of DRB sequences (Table 5).

Inter-observer agreement

For DRB sequences, the results of the kappa test ranged from 

0.35 to 0.71, whereas for standard sequences, they ranged from 

0.12 to 0.71. On average, DRB sequences achieved a score of 0.52,

Figure 1. Comparison of the protocol with deep resolve boost and sharp on the first line (A. T1w FSE sagittal, B. T2w FSE sagittal, C. PDw FS sagittal, D. PDw FS axial and E. PDw FS 
coronal) and the protocol with deep resolve gains and sharp on the second line (F. T1w FSE sagittal, G. T2w FSE sagittal, H. PDw FS sagittal, I. PDw FS axial and J. PDw FS coronal).

Figure 2. Comparison of the PDw FS sagittal sequences with matrix reduction while using deep resolve boost and deep resolve sharp image reconstruction. 1. PDw FSE sagittal no 
AI reconstruction, 2. PDw FSE sagittal with DRB & DRS and 10 % matrix reduction, 3. PDw FSE sagittal with DRB & DRS and 30 % matrix reduction, 4. PDw FSE sagittal with DRB & 
DRS and 50 % matrix reduction.
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corresponding to a “moderate” level of agreement. In contrast, 
the average for standard sequences was 0.31, corresponding to a 
“fair” level of agreement. These results indicate that observers 
tended to agree more often when evaluating DRB sequences 
(Table 6).

Discussion

The main objective of this study was to evaluate the use of AI in 
knee MRI examinations, and to this end, two sub-objectives were 
defined.

Figure 3. Comparison of the T1 sagittal sequences with variable percentage oversampling while using deep resolve boost and sharp image reconstruction. 1. and 4. PDw FSE 
sagittal AI 50 % oversampling, 2. and 5. PDw FSE sagittal AI 100 % oversampling, 3. and 6. PDw FSE sagittal AI 150 % oversampling. Artefacts are seen only on at 50 % oversampling 
acquisition (red arrows).

Figure 4. PDw FS sagittal FSE: A1) standard (STD) and A2) deep resolve boost (DRB) and sharp (DRS); PDw FS coronal FSE: B1) STD and B2) DRB and DRS; PDw FS axial FSE: C1) 
STD and C2) DRB and DRS; T1w sagittal FSE: D1) STD and D2) DRB and DRS; T2w sagittal FSE: E1) STD and E2) DRB and DRS.
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Overall, DRB sequences consistently matched or outperformed 
standard sequences in VGA scoring, indicating superior image 
quality alongside a 36.9 % reduction in acquisition time. DRB 
produced higher and more uniform scores across structures (bone, 
bone marrow, meniscus, ligaments, tendons), with no criterion 
falling below the clinical acceptability threshold of 3, unlike 
standard, which presented some criteria being graded under 3, 
mainly in PDw FS axial and T2w sagittal FSE sequences. Image 
quality parameters (noise, contrast, sharpness, blurring, and 
fluid–soft tissue contrast) also reached higher maximum (up to 
3.97) and substantially higher minimum with DRB. Clinical 
acceptance was therefore clearly better for DRB, corroborated by 
VGC results. These findings are consistent with prior knee MRI 
studies showing that deep-learning reconstruction can improve 
subjective image quality while enabling substantial acceleration 
without compromising diagnostic performance. 19,58,59

The T2w sagittal FSE sequence showed the largest performance 
gap, with DRB scoring up to 3.97 versus 3.07 for standard, likely 
linked to pixel size differences, where standard used larger voxels, 
reducing acquisition time but compromising image quality.

In most comparable studies, the number of participants is sub-
stantially higher. 43,60 The study by Herrmann et al. included 60 
volunteer patients presenting pathology and also demonstrated that 
the implementation of AI in MR image reconstruction improves 
image quality and significantly reduces acquisition time, consistent 
with the findings of the present study. Multiple investigations have 
demonstrated that deep-learning reconstruction can maintain 
diagnostic performance, while improve subjective image quality and 
enabling substantial time reduction, commonly in the 20–50 % range 
depending on protocol and acceleration strategy. 17,19,61,62 Recht et al. 
highlighted that a fast DL reconstructed protocol could clinically 
replace the standard imaging protocol for internal derangement. 61 In

Figure 5. Visual grading analysis of Sagittal PDw FS FSE.

Figure 6. Visual grading analysis of Coronal PDw FS FSE.

Figure 7. Visual grading analysis of Axial PDW FS FSE.
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contrast to these studies, the present work is a pilot study, which 
explains the smaller sample size and focuses on evaluating the 
impact of acquisition parameters modification, which optimises 
translation into clinical practice and provides increased under-
standing for MRI users. This study optimisation focus complements 
prior larger validation studies by clarifying which acquisition lever 
most strongly affects time and perceived quality when paired with 
DL reconstruction. 58,63

In the current study, several acquisition parameters demon-
strated a direct influence on scan duration and image quality. First, 
reducing spatial resolution in the phase encoding direction effec-
tively shortened acquisition time, since fewer phase-encoding 
lines were required. The increase in pixel size additionally yiel-
ded a higher signal per voxel, thereby improving SNR. While this 
optimisation is beneficial for low-signal environments, it inher-
ently comes at the expense of spatial detail and should be balanced 
according to diagnostic requirements. Parallel imaging also 
contributed to reduced acquisition time without modifying matrix 
size; however, this gain is counterbalanced by a progressive loss of

Figure 8. Visual grading analysis of Sagittal T1w FSE.

Figure 9. Visual grading analysis of Sagittal T2w FSE.

Figure 10. Area under the curve for visual grading characteristics (AUCVGC).

Table 5
Area under the curve for visual grading characteristics (AUCVGC) values and interpretation.

Test condition Reference condition AUC VGC 95 % Confidence interval P-value Interpretation

Sagittal PDw FS DRB Sagittal PDw FS STD 0.81 0.74–0.85 <0.05 DRB performs statistically better
Coronal PDw FS DRB Coronal PDw FS STD 0.81 0.77–0.85 <0.05 DRB performs statistically better
Axial PDw FS DRB Axial PDw FS STD 0.76 0.72–0.80 <0.05 DRB performs statistically better
Sagittal T1w FS DRB Sagittal T1w FS STD 0.78 0.69–0.86 <0.05 DRB performs statistically better
Sagittal T2w FS DRB Sagittal T2w FS STD 0.81 0.76–0.85 <0.05 DRB performs statistically better
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SNR as acceleration factors increase, due to reduced sampled data. 
Excessive acceleration can further lead to aliasing and phase-
related artefacts, highlighting the need for prudent selection of 
iPAT values aligned with image quality expectations. 40,64 More-
over, the requirement for a reference scan introduces additional 
complexity, as coil sensitivity mapping must be performed before 
or during acquisition. 64,65 Many clinical knee studies do not 
explicitly discuss these parameters, likely because these steps are 
embedded in the basic protocol. Nonetheless, it remains relevant 
for protocol reproducibility. The reference scan is often not high-
lighted in published clinical studies, as other acquisition parame-
ters limit translation and implementation into clinical practice. 
Similarly, the implementation of FSE sequences enabled substan-
tial time reduction by acquiring multiple echoes within a single 
repetition time. Nevertheless, longer echo trains have been asso-
ciated with blurring, phase distortions, and a decrease in overall 
SNR, again demonstrating a trade-off between speed and image 
fidelity. 32 Finally, oversampling improved image quality by 
reducing aliasing and undersampling artefacts, as highlighted in 
previous studies, though at the cost of slightly longer scan 
times 19,61,66 ref. Collectively, these considerations emphasise that 
acceleration strategies must balance acquisition speed with diag-
nostic image quality. Using AI reconstruction methods allows for 
acquiring low image quality with reduced acquisition time and 
enhancing it after acquisition. Future research should specifically 
address the risk of AI-induced hallucinations and artefacts, as 
denoising or accelerated reconstruction networks may create 
anatomically plausible but false structures. While our results 
mainly showed increased aliasing with low oversampling, as well 
as a slightly higher presence of artefacts in the final AI-
reconstructed sequences, recent work with Deep Resolve Boost 
reported new artefacts and reduced anatomical delineation, 
despite preserved lesion visibility. The literature highlights that DL 
reconstruction can shift artefacts, some become more visible after 
denoising, and that different commercial tools vary in artefact 
behaviour, reinforcing the need for structured evaluation. 31,67 

Similarly, a recent review 21 highlighted limited scientific evidence 
regarding diagnostic reliability and artefact behaviour across 
commercially available AI tools for reconstruction methods. 
Structured evaluation protocols using blinded comparisons with 
standard reconstructions and ground-truth validation will there-
fore be essential in future studies.

Limitation

This study has several limitations. The small sample size limits 
statistical power but is acceptable for a pilot study. Only healthy 
knees and a limited number of sequences were evaluated. In 
addition, absolute VGA has inherent limitations, including the lack 
of a reference image and potential intra- and inter-observer vari-
ability, as well as observer preference effects that may influence 
scoring. 41

Future studies with larger sample sizes, pathological cases and 
multiple observers are needed to better reflect clinical practice. For 
radiographers and radiologists, these findings highlight the po-
tential of AI-based reconstruction to be integrated into routine

workflows. Reduced acquisition times not only improve patient 
comfort but also allow more patient slots per day, enhancing 
departmental efficiency. Additionally, the cost-effectiveness of 
implementing AI software such as DRB should be further 
explored. 68

Conclusion

This study demonstrates that the integration of AI-based 
reconstruction in knee MRI examinations leads to a statistically 
significant improvement in overall image quality, while simulta-
neously enabling a substantial reduction in acquisition time of 
36.9 %. The application of Deep Resolve Boost (DRB) and Sharp 
(DRS) across the five selected sequences consistently preserved 
anatomical fidelity and yielded high-quality images, without 
compromising the anatomical reproduction of key musculoskel-
etal components. These findings suggest that AI-based recon-
struction techniques can enhance image quality in routine knee 
MRI protocols, supporting their potential role in optimising clin-
ical workflow and patient comfort, while maintaining diagnosti-
cally robust image quality. Future studies should consider 
including participants with pathology to evaluate the sensitivity 
and specificity.
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