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Why did we conduct the research?
Magnetic resonance imaging (MRI), especially T2-weighted 
imaging with fat suppression (T2 FS) or without (T2WI), 
plays a pivotal role in abdominal imaging [1]. However, 
conventional MRI protocols have the inherent limitation  
of prolonged acquisition time, which may lead to motion 
artifacts [2, 3]. One solution is the half-Fourier acquisition 
single-shot turbo spin echo (HASTE) technique, which 
shortens the acquisition time. However, this comes at  
the cost of reduced signal-to-noise ratio, reduced image 
contrast, and reduced sharpness [4, 5]. To address this 
drawback, HASTE with deep learning reconstruction (DLR)1 
was introduced to accelerate the acquisition and shorten 
echo trains for improved T2 weighting [6, 7].

Radiomics, which extracts quantitative features from 
medical images for clinical decision-making, has gained  
in popularity [8, 9]. Yet it faces challenges caused by  
its sensitivity to acquisition parameters, reconstruction  
algorithms, and post-processing techniques [10–12]. DLR 
enables acceptable image quality and faster acquisitions, 
and it is therefore expected to be widely adopted in the  
future. However, the influence of DLR and the combined 
effects of DLR and accelerated acquisition on radiomics 
features have not yet been investigated. It is necessary  
to evaluate in advance the potential changes that the new 
technique could cause to radiomics features.

Our study provides a basis for future research into  
establishing radiomics models using images from an accel-
erated HASTE sequence with DLR. We investigated the  
impact of DLR and accelerated acquisitions on the robust-
ness of radiomics features in abdominal scans acquired  
using a HASTE sequence.

How did we conduct the research?
We performed abdominal MRI scans on volunteers with  
no history of abdominal surgery or malignancies (Fig. 1). 
We used a 3T MRI system (MAGNETOM Vida, Siemens 
Healthineers, Erlangen, Germany) with an 18-channel 
body matrix coil and the integrated spine array. We ran  
the research HASTE sequence1 three times with different 
orientations and contrasts: axial T2W, axial T2 FS, and  
coronal T2W. Each protocol was acquired and recon
structed four times: (1) clinical reference acquisition with 
standard reconstruction (REF + STD), (2) clinical reference 
acquisition with deep learning reconstruction (REF + DLR), 
(3) accelerated acquisition with standard reconstruction 
(ACC + STD), and (4) accelerated acquisition with deep 
learning reconstruction (ACC + DLR) (Table 1). The clinical 
reference acquisition with standard reconstruction 
(REF+STD) served as the reference standard for the eval
uation. The impact of accelerated acquisition and DLR  
were then assessed by quantifying how these two factors 
changed radiomics features. 

To extract the radiomics features, the regions of  
interest (ROIs) were drawn for 10 anatomical sites with  
rigid registrations. The ROIs, which had a fixed diameter of 
15 pixels (approximately 15 mm), were placed on 10 ana-
tomical sites: the left and right lobes of the liver, the body 
of the pancreas, the center of the spleen, the left and right 
kidneys, the left and right psoas major muscles, the first 
lumbar vertebra, and the subcutaneous fat tissue. The  
ROIs were selected to cover as much as possible of the  
parenchyma of the organ or tissue, avoiding contact with 
the vessels, ducts, and lesions. Ninety-three radiomics  
features, including histogram-based and texture features 
from the original image, were extracted using PyRadiomics 
after z-score normalization. All these features were  
extracted in line with the Image Biomarker Standardization 
Initiative (IBSI). 

1 �Work in progress. The application is currently under development and is not for sale in the U.S. and in other countries. Its future availability cannot be ensured.
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Radiomics analysis Statistical analysis

1  Study workflow
The study had three steps: image acquisition, radiomics analysis, and statistical analysis.
REF = original; Std. = standard; Acc. = accelerated; DL = deep learning; ICC = intraclass correlation coefficient; 
CCC = concordance correlation coefficient; CV = coefficient of variation; QCD = quartile coefficient of dispersion
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2  � The representative case was four scans of three sequences from a 29-year-old male participant with a height of 1.86 m, a weight of 80 kg, 
and a body mass index of 23.1 kg/m2. He had no history of abdominal surgery or cancer, and no current acute abdominal injury or disease. 
The conventional abdominal MRI scan identified a hepatic cystic lesion, but it was situated outside the region of interest.

3  � Reproducibility of radiomics features according to intraclass correlation coefficient (ICC) and concordance correlation coefficient (CCC) values.
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The reproducibility was evaluated with the intraclass cor-
relation coefficient (ICC) and the concordance correlation 
coefficient (CCC), using REF+STD as the reference. The 
variability between four scans was assessed by coefficient 
of variation (CV) and quartile coefficient of dispersion 
(QCD).

How might deep learning reconstruction 
impact radiomics features in abdominal MRI?
One author of this study (JZ) also participated in the study 
and served as a representative case. The REF+STD is used 
as the reference standard for the image quality and 
showed good signal-to-noise ratio, reduced image con-
trast, and reduced sharpness for assessment. The hepatic 
cystic lesion was clearly visible on the REF+STD images. 
The REF+DLR provided even better contrast and sharpness 
for the lesion characterization. However, the ACC+STD did 
not show satisfactory image quality due to the increased 
image noise, blurry edges of the lesion, and suboptimal 

contrast. The image quality of ACC+DLR was greatly  
improved thanks to DLR, even for the accelerated acqui
sition protocol. Therefore, we suspected that both the  
accelerated acquisition protocol and DLR could change  
the radiomics features. However, for both, the changed  
radiomics features might be recovered. 

Unfortunately, the radiomics features were not  
recovered. Compared to the REF+STD images, the REF+DLR, 
ACC+STD, and ACC+DLR images showed substantial 
change in the radiomics features. Our study found that  
the median (first and third quartile) of overall ICC and  
CCC values were 0.451 (0.305, 0.583) and 0.450 (0.304, 
0.582). The overall percentage of radiomics features with 
ICC > 0.90 and CCC > 0.90 was 8.1% and 8.1%, which was 
considered acceptable (Fig. 3). The median (first and third 
quartile) of overall CV and QCD values was 9.4% (4.9%, 
17.2%) and 4.9% (2.5%, 9.7%). The overall percentage  
of radiomics features with CV < 10% and QCD < 10%  
was 51.9% and 75.0%, which was considered acceptable 
(Fig. 4).

4  � Variability of radiomics features according to coefficient of variation (CV) and quartile coefficient of dispersion (QCD) values.
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Our study showed that the radiomics features were  
significantly influenced by the accelerated acquisition  
and DLR. The reproducibility of radiomics features was  
low between the standard and accelerated acquisitions, 
and between the standard and DLR acquisitions. Although 
the REF+STD and ACC+DLR images remained unchanged  
to the naked eye, the in-depth radiomics features did 
change. The brittle changes might be too small to be  
detected by the naked eye. 

What should we do before introducing  
deep learning reconstruction into  
radiomics analysis?
We expected that DLR would allow faster acquisition with 
higher image quality and comparable diagnostic perfor-
mance. The DLR algorithm used in our study reconstructed 
images using a variational network to generate images 
with higher signal-to-noise ratio and thereby allow faster 
acquisition with higher parallel imaging acceleration.  
The algorithm enhanced the image contrast and reduced 
the image noise for diagnostic purposes. However, it was 
not designed to keep the values of the radiomics features 
stable. We hypothesized that the increased image noise 
caused by accelerated acquisition and the reduced image 
noise from DLR might offset each other and make the  
radiomics features more reproducible. However, the combi-
nation of these two factors did not result in stable values  
of the radiomics features. Although the subjective image-
quality and diagnostic assessments favored the accelerated 
acquisition with DLR, the radiomics analysis for different 
acquisition protocols and reconstruction algorithms was 
not interchangeable.

To reduce the impact on the generalizability of radio
mics analysis, we need to try something different to  
harmonize DLR and non-DLR images. First, standardize  
protocols: Radiomics analysis relies on consistent image  
acquisition to ensure feature reproducibility. Our study  
revealed that protocol variations, even minor differences  
in repetition time, echo time, and parallel imaging factors, 
can cause severe variations in texture features like the 
gray-level co-occurrence matrix (GLCM) contrast. To miti-
gate this, we suggest a standardization framework in at 
least a multi-scanner or multi-center study. This approach 

can harmonize data at the very beginning without  
concerns about changing the in-depth information due  
to the later pre-processing steps. However, it cannot be 
used here, because the DLR itself is a game-changer in  
MRI scanning.

Second, choose appropriate image pre-processing  
before performing radiomics analysis: It is hard to use a 
standardized protocol across multiple centers. Even with 
standardized protocols, image pre-processing is critical to 
address residual variability. Our workflow only used z-score 
normalization, but other workflows may integrate bias field 
correction, anisotropic diffusion filtering, and so on. These 
steps reduce intensity inhomogeneity and noise, and they 
may change the information in the image. It is necessary  
to assess their influence as well. By treating pre-processing 
as an integral step rather than an afterthought, radiomics 
models gain resilience to acquisition-specific noise patterns, 
ensuring features reflect true biological heterogeneity  
rather than technical variability.

Third, use only radiomics features with higher repro-
ducibility and less variability: Feature selection bridges  
raw data and actionable biomarkers. Ideally, we would  
only use features that have acceptable reproducibility  
and variability to establish the radiomics models. We did 
find that some features are robust against many factors. 
Further, if these features are biologically relevant to lesion 
properties, corresponding radiomics models will achieve 
greater generalizability across diverse clinical settings. 
However, the question is whether these features are  
informative enough to establish a radiomics model.  
We need to balance the robustness of features and the  
diagnostic performance of models. Prioritizing stability  
and biological relevance will make radiomics models  
more generalizable across diverse clinical settings.

Conclusion
Deep learning reconstruction is a double-edged sword  
for radiomics. While it addresses critical bottlenecks in  
MRI workflows, its feature perturbations demand rigorous 
validation. By adhering to standardized protocols and  
investing in robustness testing, the radiology community 
can harness the full potential of DLR without compromising 
the diagnostic promise of radiomics.
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