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Impact of MRI Deep Learning 
reconstruction on radiomic feature stability 
and discriminative power: a phantom study 
 

 

Abstract 

Background 

Radiomics depends on image acquisition and reconstruction. While MRI Deep-Learning image 

reconstructions (DLIR) reduce noise and enhance image quality, their impact on radiomic features 

remains underexplored. This study compares the reproducibility, repeatability and discriminative 

power of MRI radiomic features between traditional non-DLIR and DLIR.  

Methods 

An MRI protocol comprising seven sequences was conducted using 12 pieces of fruit as phantom 

models. Each sequence was acquired with four distinct protocols, repeated four times. Images were 

reconstructed using both non-DLIR and DLIR. After 3D semi-automated segmentation of each piece 

of fruit, 93 radiomic features were extracted with PyRadiomics and 152 with MIRP. Features were 

defined as reproducible if the intraclass correlation coefficient (ICC(2,1)) exceeded 0.9 and 

repeatable if the overall concordance correlation coefficient (OCCC) exceeded 0.9. A classification 

task, assessing the type of fruit from the radiomic features, was performed to compare the 

discriminative power of the reconstructions. 

Results 

DLIR yielded 19.51% and 34.10% reproducible features, compared to 9.06% and 30.74% with non-

DLIR, i.e., 10.45% and 3.36% improvement, for PyRadiomics and MIRP respectively (p<0.01). The 

difference in repeatability between reconstructions was 8.45% in favor of DLIR (47.47% for DLIR and 

39.02% for non-DLIR) for PyRadiomics and 2.81% in favor of DLIR for MIRP (46.57% for DLIR and 
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43.76% for non-DLIR) (p<0.01). The classification accuracies were higher using DLIR features for 

MIRP (p=0.015). 

Conclusions 

In our single-vendor fruit phantom study, DLIR improves radiomic feature reproducibility and 

repeatability and suggests potential gains in discriminative power, pointing towards its suitability for 

MRI radiomic studies. 

 

Key points  

- DLIR significantly improves MRI radiomic feature reproducibility and repeatability over non-DLIR. 

- DLIR shows potential to enhance the discriminative capabilities of radiomic features. 

- Results from this single-vendor phantom study warrant future clinical validation. 

 

Critical Relevance Statement 

MRI deep learning reconstruction demonstrates improved radiomic feature reproducibility and 

repeatability over conventional methods. These findings, along with potential gains in 

discriminative power, point towards its suitability for future MRI radiomic applications. 
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DLIR: Deep Learning-based image reconstruction  

GLCM: gray-level co-occurrence matrix 

GLDM: gray-level dependence matrix  

GLDZM: gray-level distance zone matrix 

GLRLM: gray-level run-length matrix  

GLSZM: gray-level size zone matrix  

LOFO: Leave-One-Fruit-Out 

LoG: Laplacian of Gaussian  

OCCC: Overall concordance correlation coefficient 

IBSI: Image Biomarker Standardization Initiative  

ICC: Intraclass correlation coefficient  

NGLDM: neighbouring gray-level dependence matrix 

NGTDM: neighborhood gray-tone difference matrix 

SNR: Signal-to-Noise Ratio 

 

Background 

Radiomics aims at extracting quantitative information, known as radiomic features, from medical 

images [1]. Radiomic features can be used either alone or in combination with other data (clinical, 

biological, genetic) for clinical purposes, such as diagnosis, treatment response or prognostic 
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prediction. Numerous studies aimed to produce a predictive model for a given pathology, based on 

radiomic parameters extracted from a training population [2, 3]. 

However, despite the growing number of publications on radiomics, its practical application remains 

limited [4], due to the difficulty in reproducing results. One factor contributing to this lack of 

reproducibility is the complexity of the radiomics study methodology. To address this, efforts have 

been made toward standardizing the extraction methodologies, in particular through the Image 

Biomarker Standardization Initiative (IBSI) [5]. 

Methodological studies have highlighted the factors influencing the stability of radiomic parameters 

in CT scans [6], in PET imaging, and to a lesser extent in MRI. It was shown that the stability of MRI-

derived radiomic features is influenced by the scanner and its manufacturer [7, 8], the acquisition 

parameters [8, 9], image post-processing [10, 11] and the observer [10]. 

Deep Learning-based image reconstruction (DLIR), which is becoming increasingly prevalent in both 

CT and MRI, offers superior noise reduction, shorter scans, and improved lesion detection [12–19], 

though performance varies by sequence and training data. To date, the understanding of how DLIR 

algorithms impact radiomic analyses remains incomplete. Existing literature has consistently 

established that DLIR significantly alters the values of extracted radiomic features when compared 

to traditional reconstruction techniques, a phenomenon documented in both CT [20–23] and MRI 

[24–26]. In the context of CT, studies have demonstrated that despite these feature alterations, DLIR 

actually improves the overall stability and reproducibility of the radiomic data [20–23]. However, 

whether this beneficial effect on feature robustness translates to MRI remains currently 

underexplored. Finally, the downstream clinical implications, specifically how DLIR-derived 

radiomics affect the diagnostic or prognostic performance of predictive models, have yet to be 

thoroughly investigated. Because DLIR algorithms are non-linear and proprietary, their impact on 

biomarker robustness across acquisition settings is difficult to predict. Addressing this uncertainty 

is a critical clinical necessity. Feature stability is indeed a fundamental prerequisite for intended 
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clinical use cases, such as large-scale multicenter model development, reliable longitudinal patient 

monitoring, and protocol harmonization across diverse imaging networks. Without first establishing 

whether DLIR improves or degrades MRI feature reproducibility, the generalizability and clinical 

reliability of any downstream predictive radiomic model remain fundamentally questionable. 

The objective of our study was to evaluate the influence of DLIR on the stability and discriminative 

power of radiomic features in MRI. More specifically, we want to assess the stability by evaluating the 

repeatability (comparison under constant condition) and reproducibility (comparison under varying 

conditions) of radiomic features using DLIR compared to conventional non-DLIR. Our secondary 

objectives were to evaluate the impact of DLIR on their discriminative power and to quantify the 

alteration of radiomic features induced by DLIR. 

Methods 

The design of the study is shown in Figure 1. 

No institutional review board was required as this is a phantom study. 

Phantom 

We chose to use a phantom composed of pieces of fruit, as organic components are known to have 

features close to human tissues and lesions; we selected 3 oranges, 3 kiwis, 3 onions, and 3 apples, 

as was also proposed by several teams [11, 27]. 

Image acquisition  

All images were acquired on a 1.5T Signa Artist MRI (GE Healthcare). We performed an MRI protocol 

consisting of 7 sequences commonly used during routine scans: 2D T1, 2D T2, 3D T1, 3D T2, 2D 

FLAIR, Diffusion, T2 In Phase.  
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In order to introduce variability and simulate inter-scanner differences, each sequence was acquired 

using a reference protocol and then repeated with three modified protocols. Each of these protocols 

involved minor variations to the acquisition settings, targeting changes in spatial resolution, slice 

thickness, or TE, while acknowledging that altering these primary targets simultaneously affects 

other related imaging parameters. The acquisition parameters are given in Table 1. 

The images were acquired twice consecutively; the phantom was then removed and repositioned, 

and another series of 2 acquisitions were performed (scan-rescan-reposition-scan-rescan 

sequence). This resulted in 4 repeated acquisitions, each composed of 7 sequences, each sequence 

acquired with 4 parameter variations. In total we obtained 16 different acquisitions by sequence. All 

images were reconstructed using both traditional reconstruction (non-DLIR) and a vendor-provided 

DLIR algorithm (AIR Recon DL, GE Healthcare). Briefly, this algorithm includes a deep CNN that takes 

raw k-space data as its input and generates high fidelity images as its output [28] and has no user-

adjustable settings. 

Segmentation  

A 3D semi-automatic segmentation was performed by a radiology resident (G.B.) of each piece of 

fruit on every sequence of the different protocols using the open-source software 3D Slicer 

(https://www.slicer.org) [29]. This segmentation was performed using the level tracing function, 

taking advantage of the high signal gradient between each piece of fruit and the adjacent void. A 

visual assessment was conducted for each slice, with manual correction applied where necessary. 

The segmentation was realized on the DLIR images, the mask was then propagated between paired 

reconstructions. Images and segmentations examples are provided in Figure 2. 

 

https://www.slicer.org/
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Radiomic feature extraction 

A first radiomic feature extraction was performed with PyRadiomics [30] (version 3.0.1) for each piece 

of fruit. N4 bias field correction was applied, intensity image normalization was performed using the 

intensity-normalization package in Python 3.11, a 1x1x1 mm resampling was performed with a 

sitkBSpline interpolator, a fixed bin width of 25 was used. A total of 93 3D radiomic features were 

extracted including 18 first-order histogram features and 75 second-order or higher-order radiomic 

features (24 from the gray-level co-occurrence matrix (GLCM), 16 from the gray-level run-length 

matrix (GLRLM), 16 from the gray-level size zone matrix (GLSZM), 14 from the gray-level dependence 

matrix (GLDM) and 5 from the neighborhood gray-tone difference matrix (NGTDM)), all will be referred 

as “higher-order” features in contrast to first-order). PyRadiomics was used as it is one of the most 

commonly used radiomic platforms. It suffers however from a lack of reproducibility [31].  

A second radiomic features extraction was performed with MIRP [32], a fully IBSI compliant platform. 

N4 bias field correction was applied, intensity image normalization was performed with a 

standardization method, a fixed bin number of 32 was used. A total of 152 3D radiomic features were 

extracted including 57 first-order histogram features (2 local intensity features, 18 intensity-based 

statistical features, 23 intensity histogram features and 14 intensity-volume histogram features, all 

will be referred to as “first-order” features) and 95 second-order or higher-order radiomic features 

(25 GLCM, 16 GLRLM, 16 GLSZM, 16 from the gray-level distance zone matrix (GLDZM), 5 NGTDM and 

16 from neighbouring gray-level dependence matrix (NGLDM)), all will be referred to as “higher-

order” features in contrast to first-order). 

For both radiomic platforms, a second extraction was made applying a Laplacian of Gaussian (LoG) 

filter (sigma =1).  

Shape features from PyRadiomics and morphological features from MIRP were not analyzed as they 

reflect mostly the segmentation and not the image signal. 
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Discriminative power  

The discriminative power of the reconstructions was evaluated by training a Random Forest classifier 

to predict fruit type based on the extracted radiomic features. To prevent data leakage and address 

potential optimistic bias related to both specific physical specimens and scanner conditions, a dual-

level validation strategy was implemented. This strategy combined a Leave-One-Fruit-Out (LOFO) 

cross-validation with an independent hold-out acquisition protocol (designated as the "reference" 

protocol). During the iterative LOFO process, for each unique fruit specimen, the classifier was 

trained on data from all remaining specimens using only the non-held-out acquisition protocols. The 

trained model was subsequently tested on the left-out specimen using exclusively its images from 

the held-out reference protocol. 

To robustly evaluate classification performance, a dual-tier analytical approach was adopted to 

accommodate the unique structure of the LOFO design. First, overall accuracy was calculated at the 

fold level (per-fruit), with statistical differences between reconstruction methods assessed using a 

paired t-test. Second, because individual test folds contained only a single true class, a condition 

that mathematically artificially deflates fold-level macro-averaged metrics, all test predictions 

across the LOFO iterations were pooled for each reconstruction method. Balanced accuracy and 

macro-averaged F1-score (macro-F1) were then computed directly on these pooled predictions to 

provide a descriptive evaluation of class-balanced performance. 

  

Feature alteration  

We evaluated the alteration of radiomic features induced by DLIR by quantifying the number of 

features significantly different between the reconstructions. This difference was also tested after 

compensation of the differences between the reconstructions by using the ComBat correction 
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procedure [33]. We applied the neuroCombat algorithm, defining the reconstruction type as the 

batch variable. Specifically, a mean-only model was utilized (adjusting only for location shifts without 

altering the variance of the features) to account for the specificities of our dataset. 

Image quality assessment 

To objectively evaluate the impact of the reconstruction algorithms on image quality, the Signal-to-

Noise Ratio (SNR) and Contrast-to-Noise Ratio (CNR) were calculated for each phantom object 

across all sequences and acquisitions as 𝑆𝑁𝑅 =
𝜇𝑓𝑟𝑢𝑖𝑡

𝜎𝑏𝑔
 and 𝐶𝑁𝑅 =

𝜇𝑓𝑟𝑢𝑖𝑡−𝜇𝑏𝑔

𝜎𝑏𝑔
, where 𝜇𝑓𝑟𝑢𝑖𝑡  is the 

mean signal intensity within the 3D semi-automated segmentation mask of each piece of fruit, and 

𝑤ℎ𝑒𝑟𝑒 𝜇𝑏𝑔 and 𝜎𝑏𝑔 are respectively the mean and standard deviation of background signal. The 

resulting SNR and CNR values were then compared between DLIR and non-DLIR images using a 

paired t-test for each sequence. 

Statistical analysis 

The reproducibility and repeatability of radiomic features were evaluated with several statistical tests 

in the literature and little statistical justification. We chose to evaluate repeatability and 

reproducibility each with a main statistical test, the most commonly used in the literature, and with 

two secondary statistical tests, to evaluate the differences between these statistical methods.  

Main stability statistical tests 

To evaluate reproducibility, which is the set of variations occurring under varying conditions, the 

features were evaluated on all 16 acquisitions (4 repetitions times of 4 different acquisition 

parameters) with ICC(2,1) as defined in [34] used as the main test, following [35, 36], and denoted 

ICC2-main.  

To evaluate repeatability, which is the set of variations occurring under constant condition, the 

features were evaluated on the 4 repetitions (scan-rescan-reposition-scan-rescan) with the same 

acquisition parameters using overall concordance correlation coefficient (OCCC), following [11, 22, 
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35, 37, 38], denoted OCCC-main. OCCC is a generalization of twofold concordance correlation 

coefficient [39]. 

A feature was considered stable (reproducible or repeatable) if the value of the criterion, whether 

ICC or OCCC, was greater than 0.9, following [40].  

 

Secondary stability statistical tests 
 

The secondary tests to evaluate reproducibility were ICC(3,1) and OCCC, denoted ICC3-2ndary and 

OCCC-2ndary and the secondary tests to evaluate repeatability were ICC(1,1) and ICC(2,1) [34], 

denoted ICC1-2ndary and ICC2-2ndary. A secondary threshold of 0.75 was also tested.  

 

Other statistical tests 

To compare the impact of the reconstruction methods on feature stability, the proportions of 

reproducible and repeatable features were analyzed as paired nominal data. Because the exact 

same radiomic features were evaluated under both DLIR and non-DLIR conditions, reproducibility 

(and repeatability) was treated as a binary outcome for each feature. The statistical significance of 

the difference in the proportion of reproducible (and repeatable) features between the two 

reconstruction methods was assessed using an exact McNemar’s test. Furthermore, 95% CIs for the 

absolute differences in these paired proportions were calculated using the asymptotic Wald method 

to quantify the magnitude of the stability shift provided by DLIR. 

The difference of features between the reconstructions was evaluated with a Kruskall-Wallis test with 

Benjamini-Hochberg correction for multiple comparisons, using p=0.05 as a threshold for 

significance.  

Statistical analysis was performed in R (version 4.3.2, R Core Team, Vienna, Austria [41]) using the 

psych package for ICC calculation, the epiR package for OCCC and the neuroCombat package.  
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Results 

Overall results 
The main results on all sequences for reproducibility and repeatability are presented in Table 2. 

The overall percentages of reproducible features extracted with PyRadiomics and MIRP were 

significantly higher with DLIR (19.51% and 34.10% respectively) compared to non-DLIR (9.06% and 

30.74% respectively) with a difference of 10.45%, (corresponding to 68 features), and 3.36% (35 

features) respectively (p<0.01) 

The overall percentages of repeatable features extracted with PyRadiomics and MIRP were 

significantly higher with DLIR (47.47% and 46.57% respectively) compared to non-DLIR (39.02% and 

43.76% respectively) with a difference of 8.45%, (corresponding to 220 features), and 2.81% (104 

features) respectively (p<0.01). 

Reproducibility results 

The number of reproducible features (using ICC2-main>0.9) by feature category and sequences are 

shown in Table 3. 

By feature categories 

The detailed results by feature categories among the higher-order features are shown in Table 4. First-

order and higher-order features showed greater reproducibility in DLIR compared to non-DLIR. The 

difference with PyRadiomics was 10.32% (13 features) for first-order features and 10.48% (55 

features) for higher-order features, with MIRP the difference was 1.57% for first-order features (6 

features) and 4.41% (29 features) for higher-order features. An example of the distribution of 4 

features is presented in Figure 3.  
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By sequences 

Figure 4 provides a visual representation of the distribution of ICC by sequences. A visual overview 

comparing the reproducibility of each feature by sequence between the two reconstruction methods 

is provided in Additional File 1. 

For both PyRadiomics and MIRP, a vast majority of sequences yielded more reproducible features 

with DLIR (Figure 4). The most significant differences were observed in the 3DT2 sequence, with a 

difference of 15.05% (14 features) and 10.81% (16 features) favoring DLIR with PyRadiomics and 

MIRP respectively, and in the T2 In phase sequence for PyRadiomics, with a difference of 53.76% (50 

features). However, PyRadiomics and MIRP 2DT2, as well as MIRP 3DT1 were more reproducible with 

non-DLIR.  

For the majority of sequences, the results predominantly favored DLIR in higher-order features, 

except for PyRadiomics and MIRP 2DT2. For first-order features, the impact of DLIR was more 

heterogeneous.  

Secondary criteria for reproducibility 

Reproducibility was also assessed using two other methods (ICC3-2ndary and OCCC-2ndary), 

which revealed consistent trends (Additional File 2 and Additional File 3A). Additionally, applying a 

threshold of 0.75 identified a greater number of features meeting the criteria, but the overall trend 

remained unchanged (Additional File 3B).  

Image filtering 
The main results of reproducibility with or without LoG filtering are shown in Additional File 4.  

Key findings indicate that LoG filtering increases the difference of reproducible features between 

reconstructions with PyRadiomics (10.45% to 20.58%). The application of LoG filtering within the 

MIRP framework results in a decline in reproducibility across both reconstruction methods, with the 

most pronounced impact observed on DLIR; the MIRP features from LoG filtered images are more 

reproducible with non-DLIR. 
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Repeatability results 

The number of repeatable features by feature category (using OCCC-main>0.9) is shown in Table 5. 

The effect of reconstruction was not uniform across the sequences. Notably, 3DT1 favored non-

DLIR for both radiomic platforms, whereas diffusion favored DLIR. 

Secondary criteria for repeatability 

Repeatability was also assessed using two other methods (ICC1-2ndary and ICC2-2ndary), which 

revealed consistent trends (see Additional File 5A). Additionally, when applying a threshold of 0.75, 

a greater number of features meeting the criteria were identified, and MIRP DLIR features appeared 

more repeatable (see Additional File 5B).  

Discriminative power  

To assess the discriminative power of each reconstruction, a classifier was trained to predict fruit 

type based on the radiomic features, with a Leave-One-Fruit-Out and a hold-out acquisition 

protocol constraint. The results of the classifications are presented in Table 6. 

Feature alteration 

A total of 77.11% and 32.82% of features were statistically different between DLIR and non-DLIR for 

PyRadiomics and MIRP respectively. The difference was greater when performing ComBat (77.57% 

and 40.54%). Detailed results and graphical example are shown in Additional File 6.  

 
 

Image quality assessment 
Results of image quality measurement are presented in Additional File 7A, showing significantly 

higher SNR and CNR with DLIR. A graphical example is displayed in Additional File 7B.  

 



16 
 

Discussion 

Our study aimed to evaluate the impact of a Deep Learning image reconstruction method 

increasingly integrated into routine radiologic practice on radiomic feature stability, a critical factor 

for the clinical application of radiomics. DLIR offers the benefits of noise reduction and enhanced 

image quality but also impacts radiomic features, potentially altering their stability.  

Concerning our main objective, our findings indicate that DLIR notably enhances the reproducibility 

of radiomic features, with a statistically significant improvement of 10.45% of features with 

PyRadiomics and 3.36% with MIRP, leading to more features deemed reproducible compared to non-

DLIR. In addition, the repeatability of radiomic features is also significantly enhanced by DLIR 

(+8.45% of features with PyRadiomics and +2.81% with MIRP). These findings are consistent with 

equivalent studies conducted in CT [21–23]. In MRI, to the best of our knowledge, only one previous 

publication has partially addressed this issue [42], reporting similar reproducibility between the two 

reconstruction methods. However, their study design introduced substantial segmentation 

variability, which constituted the primary source of radiomic variations and likely masked the specific 

effects attributable to the reconstruction algorithms. By using a controlled setup, our study 

overcomes this limitation and clearly isolates the positive impact of DLIR on radiomic stability in MRI.  

Concerning feature class analysis, it was expected that higher-order features would be less 

reproducible than first-order ones [22, 43], but it was not initially clear that reproducibility 

differences would arise between DLIR and non-DLIR. Non-stationary and textured noise within 

images degrades the overall quality and contributes to low reproducibility of radiomic features [22]. 

DLIR reduces this noise (Additional File 7A) [13], which might explain the observed improvements in 

feature reproducibility. When using LoG-filtered image with lower noise, the contribution of the 

reconstruction methods is more pronounced with PyRadiomics but negative with MIRP. These 

contrasting results suggest that the denoising capability of DLIR may play a role in radiomic feature 

reproducibility, although this mechanism appears to be platform-dependent. 
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Sequence-specific analysis revealed substantial heterogeneity. The T1 acquisitions showed low 

reproducibility compared to other acquisitions. This finding is similar to previous MRI phantom 

studies [9, 11]. A first explanation could be that T1-weighted gradient-echo sequences are highly 

sensitive to field instabilities and subtle flip angle variations between repeated scans. A second 

explanation is that T1 relaxation times are particularly susceptible to minor thermal fluctuations 

within the phantom during extended scanning sessions. Additionally, 2D T2 features demonstrated 

superior reproducibility with non-DLIR across both platforms. This departure from the general trend 

favoring DLIR aligns with existing evidence that feature stability varies across different protocols [9]. 

Such variability suggests that DLIR performance is contingent upon the specific imaging sequence 

and anatomical region, likely reflecting the characteristics of the underlying training datasets. 

Consequently, these sequence-dependent differences in image reconstruction can differentially 

impact the robustness of extracted radiomic features. 

Despite the lack of consensus and varying definitions regarding statistical methods for radiomics 

stability [6, 34, 44, 45], we empirically tested the most common approaches. We found that while 

absolute counts of stable features varied by method, the relative ranking of DLIR versus non-DLIR 

remained consistent. A detailed technical comparison of these statistical frameworks is beyond our 

scope; however, our primary conclusion regarding the two reconstruction techniques remains robust 

regardless of the chosen approach. 

Regarding discriminative power, our findings demonstrate that DLIR preserves, and depending on the 

extraction methodology, may even enhance the informative content of radiomic features. Indeed, it 

could have been feared that DLIR might remove relevant information about the objects or add image 

characteristics irrelevant to the imaged objects, thereby improving reproducibility at the expense of 

informative content. Our validation framework revealed a pipeline-dependent behavior: while 

classifiers trained on DLIR features extracted via the MIRP pipeline demonstrated superior 

discriminative performance, those utilizing PyRadiomics features showed comparable accuracy to 

standard reconstructions. Importantly, these findings demonstrate that DLIR does not result in a loss 
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of relevant information. At the very least, the informative content enabling the accurate identification 

of the fruit type is fully preserved, and under certain extraction conditions, it can even be significantly 

enhanced. The interpretation of these results is yet subject to a limitation: specifically, the small 

number of fruits relative to the number of radiomic features could lead to overfitting and performance 

instability. Therefore, while this phantom-based classification task does not provide a validation as 

robust as a clinical predictive model, it effectively serves as a proof-of-concept confirming the 

absence of information loss. 

Concerning feature alteration, as expected, we found that MRI DLIR radiomic features differ from 

non-DLIR features, with 32.82% to 77.11% of features significantly different between 

reconstructions. This is less than in Dana et al. [25], who reported 54 to 98% depending on prostate 

region and sequence but higher than the findings of Rey et al. [42], who observed lower values ranging 

from 0.66% to 38.16% in the liver. Together, these wide variations across studies demonstrate that 

the alteration effect of DLIR is highly specific and strongly depends on both the imaging sequence 

and the underlying anatomical structure. In an exploratory analysis, we tested whether ComBat 

correction could address this difference. Although effective in reducing inter-center MRI variability 

[33] and CT reconstruction algorithms differences [46], ComBat failed to compensate for the 

difference between the two MR reconstruction algorithms and may even have inadvertently 

increased these discrepancies in certain cases. Therefore, this specific finding should be interpreted 

cautiously, as ComBat harmonization may not be optimally suited for intra-scanner algorithmic 

variations without further methodological adaptations. 

The use of two radiomics platforms, PyRadiomics and MIRP, was motivated by a dual objective. 

PyRadiomics is the most widely used platform in the field, and it therefore appeared logical to assess 

the impact of DLIR on the most commonly adopted tool. We used a fixed bin width, which is the 

default setting of the 3DSlicer PyRadiomics interface, which is commonly used. However, 

PyRadiomics is known to have reproducibility issues [31], which led us to also use a second platform 

- MIRP - that is fully compliant with the IBSI standards and offers improved reproducibility [31, 47], 
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as well as a high level application programming interface. This approach yielded two sets of results: 

one based on PyRadiomics and the other on MIRP. Although the results are not identical, both tend 

to indicate greater radiomic feature stability when using DLIR. It should be noted that any direct 

comparison between the outputs of these two platforms must account for their different 

preprocessing methodologies used in the article, such as binning and normalization. Consequently, 

the variations between their results can reflect these methodological choices rather than purely 

software-related differences. 

The first limitation of our study is that using a phantom that lacks human anatomy cannot fully 

replicate a clinical patient study. However, this methodological approach is widely used in 

methodological radiomics, as conducting repeated acquisitions on human subjects is hardly 

feasible and as phantoms provide signal characteristics similar to human tissues [36, 48]. Moreover, 

numerous methodological radiomic studies have used fruits as phantoms, in particular to 

investigate preprocessing influence [9, 11, 36]. The second limitation we need to point is the use of 

a single imaging device, which limits the generalizability of our findings to DLIR implementations from 

other vendors, different scanner models and magnetic field strengths, as well as future iterations of 

the same algorithm. Furthermore, DLIR algorithms rely on proprietary non-linear reconstruction 

behaviors, making it difficult to fully interpret the exact mathematical transformations applied to the 

signal. Third, the segmentation was performed by a single observer, thus preventing the assessment 

of inter-observer variability and introducing a potential source of bias. This is partially mitigated by 

the standardized semi-automatic approach used in a controlled phantom setting. Finally, regarding 

the classification analysis, there is a risk of possible validation leakage and overfitting due to the 

dataset size, which we attempted to mitigate by using rigorous grouped-validation and pooled 

predictions.  

Building on this proof-of-concept, future studies must expand beyond phantom models to include 

clinical patient datasets across multi-vendor and multi-scanner settings. Furthermore, these in vivo 

evaluations will need to be conducted against established quality metrics and reporting frameworks, 
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such as the IBSI reporting guidelines [49] and radiomic scoring systems [1, 50], to ensure broad 

reproducibility and predictive reliability. 

In conclusion, in this single vendor fruit phantom study we demonstrated that MRI Deep Learning-

based reconstruction enhances reproducibility and repeatability of radiomic features. Furthermore, 

it suggests a potential improvement in discriminative power, subject to sequence- and platform-

dependent effects. While these results establish a promising foundation for the future of DLIR, multi-

scanner and clinical validation are required before recommending DLIR as a standard approach for 

MRI radiomics. 
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Table title and legends 

Table 1: MRI acquisitions parameters.  

Bold and italic characters indicate changes compared with the reference acquisition protocol 

 

Table 2: Overall results: Number of reproducible and repeatable features by reconstruction. 

The features from all sequences were evaluated. Reproducible features are defined as ICC2-

main>0.9 evaluated on all 16 acquisitions (4 repetitions times 4 different acquisition parameters). 

Repeatable features are defined as OCCC-main>0.9 and were evaluated on the 4 repetitions (scan-

rescan-reposition-scan-rescan) with the same acquisition parameters, resulting in 4 times more 

evaluated features than with reproducibility. The data are presented as %(n). The difference in the 

proportion of reproducible (and repeatable) features between the two reconstruction methods was 

assessed using an exact McNemar’s test. 

 

 

Table 3: Number of reproducible features by feature category, sequence and reconstruction 

method.  

Reproducible features are defined as ICC2-main>0.9.  

 

Table 4: Number of reproducible features by feature category, feature class and reconstruction 

method. 

Reproducible features are defined as ICC2-main>0.9. 
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Table 5: Number of repeatable features by feature category, sequence and reconstruction method, 

evaluated on 4 acquisitions.  

Repeatable features are defined as OCCC-main>0.9.  

 

Table 6: Performance of the fruit classification task depending on the reconstruction type.  

Accuracy and p-values were computed at the fold level (per-fruit). Balanced Accuracy and Macro-
F1 were calculated on pooled predictions across all folds to account for the single-class nature of 
individual test folds. 
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Figure legends 

Figure 1: Study design. 
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Figure 2: Representative images of fruit MRI and their segmentations. The upper row displays the 
MRI images; the lower row shows the overlay of the semi-automatic segmentation masks on the 
corresponding images. 3D T2 MRI of an orange and a kiwi with DLIR (A) and non-DLIR (B). 2D FLAIR 
MRI of an onion and an apple with DLIR (C) and non-DLIR (D). 
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Figure 3: Distribution of 4 radiomic features: scatter plot and boxplot are represented, with 
corresponding ICC-main. A) PyRadiomics T2 IP GLDM Dependence Non Uniformity Normalized, 
reproducible with DL reconstruction, not with non-DL; B) PyRadiomic 2D FLAIR GLDM Large 
Dependence Low Gray Level Emphasis, not reproducible with both reconstructions; C) MIRP 2D T1 
NGLM Dependence Count Non-uniformity, reproducible with DL reconstruction, not with non-DL; 
D) 2D T2 GLDZM Small Distance Low Gray Level emphasis, not reproducible with both 
reconstructions. For visualization purposes, all features have been Z-normalized. 
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Figure 4: Boxplots of feature reproducibility evaluation by ICC2-main by reconstruction and by 
radiomic platform. 
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Table 1: MRI acquisitions parameters.  

 

 

In plane 
resolution 

(mm x mm) 
Matrix 

Slice 
thickness 

(mm) 

TR 
(ms) TE (ms) 

Flip 
angle 

(°) 
NEX b 

Reference acquisition                 
FLAIR 0.7 x 0.9 352 x 256 3 12000 120 160 1   
2D T1 0.6 x 0.8  384 x 320 3 337 Min Full 160 2   
2D T2 0.8 x 1.2 288 x 192 3 Min Min Full  1   
3D T1 0.8 x 0.8 300 x 300 1.2 Min Min Full 15 1   
3D T2 0.8 x 0.8 320 x 320 0.8 1800 140  2   
Diffusion 1.9 x 1.2 128 x 192 3 600 80   1000 
T2 IP 0.8 x 0.8 288 x 288 3 5759 108 140 2   

Modified in-plane resolution              
FLAIR 0.6 x 0.8  400 x 300 3 12000 120 160 1   
2D T1 0.6 x 0.6 416 x 416 3 337 Min Full 160 2   
2D T2 0.7 x 1 352 x 240 3 Min Min Full  1   
3D T1 0.6 x 0.6 400 x 400 1.2 Min Min Full 15 1   
3D T2 0.6 x 0.6 380 x 380 0.8 1800 140  2   
Diffusion 1.5 x 1.0 160 x 240 3 600 80   1000 
T2 IP 0.8 x 0.8 320 x 320 3 6536 108 140 2   

Modified TE                 
FLAIR 0.7 x 0.9 352 x 256 3 12000 145 160 1   
2D T1 0.6 x 0.8  384 x 320 3 337 18 160 2   
2D T2 0.8 x 1.2 288 x 192 3 Min 170  1   

3D T1 0.8 x 0.8 300 x 300 1.2 Min Out of 
Phase 15 1   

3D T2 0.8 x 0.8 320 x 320 0.8 1800 170  2   
Diffusion 1.9 x 1.2 128 x 192 3 8500 Min   2000 
T2 IP 0.8 x 0.8 288 x 288 3 5759 130 140 2   

Modified slice thickness             
FLAIR 0.7 x 0.9 352 x 256 5 12000 120 160 1   
2D T1 0.6 x 0.8  384 x 320 5 337 Min Full 160 2   
2D T2 0.8 x 1.2 288 x 192 5 Min Min Full  1   
3D T1 0.8 x 0.8 300 x 300 2 Min Min Full 15 1   
3D T2 0.8 x 0.8 320 x 320 1.6 1800 140  2   
Diffusion 1.9 x 1.2 128 x 192 5 600 80   1000 
T2 IP 0.8 x 0.8 288 x 288 5 5759 108 140 2   

Bold and italic characters indicate changes compared with the reference acquisition protocol 
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Table 2: Overall results: Number of reproducible and repeatable features by reconstruction. 

  PyRadiomics MIRP 
  DLIR Non-DLIR  Difference (DLIR  -  non DLIR)  DLIR Non-DLIR  Difference (DLIR  -  non DLIR)  

  
% n % n value 95% CI 

p-
value 

% n % n  value 95% CI p-value 

REPRODUCIBILITY All Features 19.51% 127 9.06% 59 +10.45% 
[7.77% - 13.12%] 

<0.01 34.10% 355 30.74% 320 +3.36% [1.66% - 5.07%] <0.01 

 

First-Order 
Features 27.78% 35 17.46% 22 +10.32% [4.57% - 16.07%] <0.01 39.95% 153 38.38% 147 +1.57% [-1.32% - 4.46%] 0.38 

 

Higher-Order 
Features 17.52% 92 7.05% 37 +10.48% [7.46% - 13.49%] <0.01 30.70% 202 26.29% 173 +4.41% [2.31% - 6.51%] <0.01 

REPEATABILITY All Features 47.47% 1236 39.02% 1016 +8.45% [7.05% - 9.85%] <0.01 46.57% 1723 43.76% 1619 +2.81% [1.88% - 3.75%] <0.01 

 

First-Order 
Features 54.17% 273 46.43% 234 +7.74% [4.78% - 10.70%] <0.01 50.67% 684 47.63% 643 +3.04% [1.50% - 4.57%] <0.01 

 

Higher-Order 
Features 45.86% 963 37.24% 782 +8.62% [7.04% - 10.20%] <0.01 44.21% 1039 41.53% 976 +2.68% [1.50% - 3.86%] <0.01 

 

The features from all sequences were evaluated. Reproducible features are defined as ICC2-main>0.9 evaluated on all 16 acquisitions (4 repetitions times 4 

different acquisition parameters). Repeatable features are defined as OCCC-main>0.9 and were evaluated on the 4 repetitions (scan-rescan-reposition-

scan-rescan) with the same acquisition parameters, resulting in 4 times more evaluated features than with reproducibility. The data are presented as %(n). 

The difference in the proportion of reproducible (and repeatable) features between the two reconstruction methods was assessed using an exact 

McNemar’s test. 
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Table 3: Number of reproducible features by feature category, sequence and reconstruction method.  

  PyRadiomics MIRP 
  DLIR Non-DLIR  Difference (DLIR  -  non DLIR)  DLIR Non-DLIR  Difference (DLIR  -  non DLIR)  

  

% n % n Value 95% CI % n % n Value 95% CI 

ALL 
SEQUENCES All Features 19.51% 127 9.06% 59 +10.45% [7.77% - 13.12%] 34.10% 355 30.74% 320 +3.36% [1.66% - 5.07%] 

 

First-Order 
Features 27.78% 35 17.46% 22 +10.32% [4.57% - 16.07%] 39.95% 153 38.38% 147 +1.57% [-1.32% - 4.46%] 

 

Higher-Order 
Features 17.52% 92 7.05% 37 +10.48% [7.46% - 13.49%] 30.70% 202 26.29% 173 +4.41% [2.31% - 6.51%] 

2D FLAIR All Features 20.43% 19 17.20% 16 +3.23% [-2.31% - 8.76%] 52.35% 78 48.32% 72 +4.03% [-0.85% - 8.91%] 

 

First-Order 
Features 27.78% 5 27.78% 5 +0.00% [0.00% - 0.00%] 54.55% 30 58.18% 32 -3.64% [-12.31% - 5.04%] 

 

Higher-Order 
Features 18.67% 14 14.67% 11 +4.00% [-2.85% - 10.85%] 51.06% 48 42.55% 40 +8.51% [2.87% - 14.15%] 

2D T1 All Features 0.00% 0 0.00% 0 +0.00% [0.00% - 0.00%] 1.34% 2 0.00% 0 +1.34% [-0.51% - 3.19%] 

 

First-Order 
Features 0.00% 0 0.00% 0 +0.00% [0.00% - 0.00%] 0.00% 0 0.00% 0 +0.00% [0.00% - 0.00%] 

 

Higher-Order 
Features 0.00% 0 0.00% 0 +0.00% [0.00% - 0.00%] 2.13% 2 0.00% 0 +2.13% [-0.79% - 5.04%] 

2D T2 All Features 8.60% 8 11.83% 11 -3.23% [-8.76% - 2.31%] 26.17% 39 27.52% 41 -1.34% [-3.96% - 1.28%] 

 

First-Order 
Features 27.78% 5 33.33% 6 -5.56% [-16.14% - 5.03%] 50.91% 28 52.73% 29 -1.82% [-7.97% - 4.34%] 

 

Higher-Order 
Features 4.00% 3 6.67% 5 -2.67% [-9.04% - 3.71%] 11.70% 11 12.77% 12 -1.06% [-3.14% - 1.01%] 

3D T1 All Features 1.08% 1 0.00% 0 +1.08% [-1.02% - 3.17%] 8.05% 12 9.40% 14 -1.34% [-6.26% - 3.57%] 

 

First-Order 
Features 0.00% 0 0.00% 0 +0.00% [0.00% - 0.00%] 7.27% 4 16.36% 9 -9.09% [-16.69% - -1.49%] 

 

Higher-Order 
Features 1.33% 1 0.00% 0 +1.33% [-1.26% - 3.93%] 8.51% 8 5.32% 5 +3.19% [-3.03% - 9.41%] 

3D T2 All Features 30.11% 28 15.05% 14 +15.05% [7.20% - 22.91%] 57.43% 85 46.62% 69 +10.81% [4.02% - 17.60%] 
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First-Order 
Features 50.00% 9 27.78% 5 +22.22% [3.02% - 41.43%] 55.56% 30 53.70% 29 +1.85% [-4.42% - 8.12%] 

 

Higher-Order 
Features 25.33% 19 12.00% 9 +13.33% [4.80% - 21.87%] 58.51% 55 42.55% 40 +15.96% [6.04% - 25.87%] 

Diffusion All Features 3.23% 3 0.00% 0 +3.23% [-0.37% - 6.82%] 11.41% 17 2.68% 4 +8.72% [4.19% - 13.26%] 

 

First-Order 
Features 0.00% 0 0.00% 0 +0.00% [0.00% - 0.00%] 30.91% 17 7.27% 4 +23.64% [12.41% - 34.86%] 

 

Higher-Order 
Features 4.00% 3 0.00% 0 +4.00% [-0.43% - 8.43%] 0.00% 0 0.00% 0 +0.00% [0.00% - 0.00%] 

T2 In Phase All Features 73.12% 68 19.35% 18 +53.76% [43.20% - 64.33%] 82.43% 122 81.08% 120 +1.35% [-2.39% - 5.09%] 

 

First-Order 
Features 88.89% 16 33.33% 6 +55.56% [32.60% - 78.51%] 81.48% 44 81.48% 44 +0.00% [-5.13% - 5.13%] 

 

Higher-Order 
Features 69.33% 52 16.00% 12 +53.33% [41.45% - 65.21%] 82.98% 78 80.85% 76 +2.13% [-2.96% - 7.22%] 

Reproducible features are defined as ICC2-main>0.9. 
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Table 4: Number of reproducible features by feature category, feature class and reconstruction method. 

 

 PyRadiomics MIRP  
 DLIR Non-DLIR  Difference (DLIR  -  non DLIR)  DLIR Non-DLIR  Difference (DLIR  -  non DLIR)   
 % n % n value 95% CI % n % n  value 95% CI  

All  19.51% 127 9.06% 59 +10.45% [7.77% - 13.12%] 34.10% 355 30.74% 320 +3.36% [1.66% - 5.07%] All  

First order  27.78% 35 17.46% 22 +10.32% [4.57% - 16.07%] 39.95% 153 38.38% 147 +1.57% [-1.32% - 4.46%] First order  
  - - - - - - 28.57% 4 28.57% 4 +0.00% [0.00% - 0.00%] Loc  
  - - - - - - 44.90% 44 44.90% 44 +0.00% [-4.90% - 4.90%] IVH  
  - - - - - - 39.68% 50 34.13% 43 +5.56% [0.03% - 11.08%] Stat  
  - - - - - - 37.93% 55 38.62% 56 -0.69% [-5.56% - 4.18%] IH  
Higher 
order  17.52% 92 7.05% 37 +10.48% [7.46% - 13.49%] 30.70% 202 26.29% 173 +4.41% [2.31% - 6.51%] Higher 

order  
GLCM  19.64% 33 6.55% 11 +13.10% [7.02% - 19.17%] 41.14% 72 36.00% 63 +5.14% [1.18% - 9.11%] GLCM  

GLRLM  15.18% 17 6.25% 7 +8.93% [2.59% - 15.26%] 37.50% 42 29.46% 33 +8.04% [1.90% - 14.17%] GLRLM  
GLSZM  14.29% 16 4.46% 5 +9.82% [4.31% - 15.33%] 20.54% 23 16.96% 19 +3.57% [-1.33% - 8.48%] GLSZM  
GLDM  18.37% 18 7.14% 7 +11.22% [3.80% - 18.64%] 22.32% 25 18.75% 21 +3.57% [0.13% - 7.01%] GLDZM  

NGTDM  22.86% 8 20.00% 7 +2.86% [-2.66% - 8.38%] 20.00% 7 14.29% 5 +5.71% [-1.98% - 13.40%] NGTDM  

 
      29.46% 33 28.57% 32 +0.89% [-4.91% - 6.69%] NGLDM  

 

 

Reproducible features are defined as ICC2-main>0.9. 
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Table 5: Number of repeatable features by feature category, sequence and reconstruction method, evaluated on 4 acquisitions.  

  PyRadiomics MIRP 
  DLIR Non-DLIR  Difference (DLIR  -  non DLIR)  DLIR Non-DLIR  Difference (DLIR  -  non DLIR)  

  % n % n Value 95% CI % n % n Value 95% CI 

ALL 
SEQUENCES All Features 47.47% 1236 39.02% 1016 +8.45% [7.05% - 9.85%] 46.57% 1723 43.76% 1619 +2.81% [1.88% - 3.75%] 

 First-Order Features 54.17% 273 46.43% 234 +7.74% [4.78% - 10.70%] 50.67% 684 47.63% 643 +3.04% [1.50% - 4.57%] 

 Higher-Order Features 45.86% 963 37.24% 782 +8.62% [7.04% - 10.20%] 44.21% 1039 41.53% 976 +2.68% [1.50% - 3.86%] 

2D FLAIR All Features 31.99% 119 25.54% 95 +6.45% [2.86% - 10.04%] 56.93% 337 54.56% 323 +2.36% [0.23% - 4.50%] 

 First-Order Features 36.11% 26 33.33% 24 +2.78% [-4.89% - 10.45%] 54.17% 117 55.56% 120 -1.39% [-4.10% - 1.33%] 

 Higher-Order Features 31.00% 93 23.67% 71 +7.33% [3.29% - 11.38%] 58.51% 220 53.99% 203 +4.52% [1.56% - 7.48%] 

2D T1 All Features 13.44% 50 3.76% 14 +9.68% [6.01% - 13.35%] 28.04% 166 25.51% 151 +2.53% [-0.13% - 5.20%] 

 First-Order Features 22.22% 16 11.11% 8 +11.11% [1.25% - 20.97%] 30.56% 66 27.78% 60 +2.78% [-1.65% - 7.21%] 

 Higher-Order Features 11.33% 34 2.00% 6 +9.33% [5.45% - 13.22%] 26.60% 100 24.20% 91 +2.39% [-0.94% - 5.72%] 

2D T2 All Features 50.81% 189 32.26% 120 +18.55% [14.13% - 22.96%] 34.97% 207 32.77% 194 +2.20% [0.48% - 3.91%] 

 First-Order Features 62.50% 45 50.00% 36 +12.50% [3.12% - 21.88%] 59.72% 129 58.33% 126 +1.39% [-1.33% - 4.10%] 

 Higher-Order Features 48.00% 144 28.00% 84 +20.00% [15.02% - 24.98%] 20.74% 78 18.09% 68 +2.66% [0.46% - 4.85%] 

3D T1 All Features 45.70% 170 50.00% 186 -4.30% [-7.43% - -1.17%] 36.66% 217 36.99% 219 -0.34% [-2.99% - 2.31%] 

 First-Order Features 37.50% 27 40.28% 29 -2.78% [-6.57% - 1.02%] 22.22% 48 24.07% 52 -1.85% [-5.24% - 1.53%] 

 Higher-Order Features 47.67% 143 52.33% 157 -4.67% [-8.44% - -0.89%] 44.95% 169 44.41% 167 +0.53% [-3.15% - 4.22%] 

3D T2 All Features 52.42% 195 41.13% 153 +11.29% [7.30% - 15.28%] 81.76% 121 83.78% 124 -2.03% [-5.52% - 1.46%] 

 First-Order Features 62.50% 45 50.00% 36 +12.50% [4.86% - 20.14%] 70.37% 38 74.07% 40 -3.70% [-8.74% - 1.33%] 

 Higher-Order Features 50.00% 150 39.00% 117 +11.00% [6.41% - 15.59%] 88.30% 83 89.36% 84 -1.06% [-5.72% - 3.59%] 

Diffusion All Features 52.15% 194 39.25% 146 +12.90% [9.26% - 16.55%] 27.20% 161 15.88% 94 +11.32% [8.29% - 14.34%] 

 First-Order Features 61.11% 44 44.44% 32 +16.67% [7.24% - 26.10%] 45.83% 99 27.31% 59 +18.52% [12.60% - 24.44%] 

 Higher-Order Features 50.00% 150 38.00% 114 +12.00% [8.10% - 15.90%] 16.49% 62 9.31% 35 +7.18% [3.92% - 10.44%] 

T2 In Phase All Features 85.75% 319 81.18% 302 +4.57% [1.77% - 7.37%] 86.82% 514 86.82% 514 +0.00% [-1.40% - 1.40%] 

 First-Order Features 97.22% 70 95.83% 69 +1.39% [-1.31% - 4.09%] 86.57% 187 86.11% 186 +0.46% [-1.57% - 2.49%] 

 Higher-Order Features 83.00% 249 77.67% 233 +5.33% [1.93% - 8.74%] 86.97% 327 87.23% 328 -0.27% [-2.15% - 1.61%] 
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Repeatable features are defined as OCCC-main>0.9.  
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Table 6: Performance of the fruit classification task depending on the reconstruction type.  

 PyRadiomics MIRP 
 Classification  accuracy   Classification   accuracy   

 Mean SD 95%CI p-value Mean SD 95%CI p-value 
DLIR 0.688 0.337 [0.473 - 0.902] 0.567 0.840 0.161 [0.738 - 0.942] 0.015 
non-DLIR 0.667 0.317 [0.465 - 0.868] 0.797 0.170 [0.689 - 0.905] 

             

 

Balanced 
accuracy 

 Macro  F1 
  

Balanced 
accuracy 

 Macro  F1 
  

DLIR 0.688  0.661   0.840  0.840   
non-DLIR 0.667   0.653   0.797   0.797   

 Accuracy and p-values were computed at the fold level (per-fruit). Balanced Accuracy and Macro-F1 
were calculated on pooled predictions across all folds to account for the single-class nature of 
individual test folds. 
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Additional File 1 
Heatmap comparing the reproducibility (defined as ICC2-main)>0.9) of each feature between the 
two reconstructions.  
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Additional File 2 
Comparison of the number of reproducible features by sequence, depending on the statistical test 
used (threshold =0.9). 
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Additional File 3 
Comparison of 3 methods and 2 thresholds in radiomic feature reproducibility, evaluated on all 
sequences. 

A. Comparison of feature reproducibility using ICC(2,1), ICC(3,1) and OCCC with a threshold of 
0.9 

MAIN CRITERIA ICC(2,1)>0.9 
 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 

19.51% (127) 9.06% (59) 

34.07% (355) 30.71% (320) 
First order 
features 

27.78% (35) 17.46% (22) 
39.84% (153) 38.28% (147) 

Higher order 
features 

17.52% (92) 7.05% (37) 
30.7% (202) 26.29% (173) 

 

 

ICC(3,1)- 2ndary >0.9 
 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 44.39% (289) 26.57% (173) 43.47% (453) 38.48% (401) 
First order 
features 61.11% (77) 39.68% (50) 47.66% (183) 41.93% (161) 
Higher order 
features 40.38% (212) 23.43% (123) 41.03% (270) 36.47% (240) 

 

 

OCCC-2ndary >0.9 
 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 

19.05% (124) 8.91% (58) 

32.43% (336) 29.73% (308) 
First order 
features 

26.98% (34) 17.46% (22) 
39.68% (150) 36.77% (139) 

Higher order 
features 

17.14% (90) 6.86% (36) 
28.27% (186) 25.68% (169) 
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B. Comparison of feature reproducibility using ICC(3,1), ICC(2,1) and OCCC with a threshold of 
0.75 
 
 

ICC(2,1)>0.75 
 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 
53.46% (348) 31.03% (202) 

65.26% (680) 55.66% (580) 
First order 
features 

57.14% (72) 44.44% (56) 
64.06% (246) 57.03% (219) 

Higher order 
features 

52.57% (276) 27.81% (146) 
65.96% (434) 54.86% (361) 

 
 

ICC(3,1)-2ndary>0.75 

 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 

77.11% (502) 64.06% (417) 

76.39% (796) 72.84% (759) 
First order 
features 

89.68% (113) 80.95% (102) 
75.52% (290) 73.18% (281) 

Higher order 
features 

74.1% (389) 60% (315) 
76.9% (506) 72.64% (478) 

 

 

OCCC - 2ndary >0.75 
 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 

52.38% (341) 29.8% (194) 

64.77% (671) 54.83% (568) 
First order 
features 

55.56% (70) 42.86% (54) 
64.02% (242) 57.67% (218) 

Higher order 
features 

51.62% (271) 26.67% (140) 
65.2% (429) 53.19% (350) 
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Additional File 4 
Number of reproducible features by feature category, sequence and reconstruction method without 
and with Laplacian of Gaussian (LoG) filtering (sigma =1) 

ICC2-main was used at a threshold of 0.9 for reproducibility. 
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  PyRadiomics MIRP 
  DLIR Non-DLIR  Difference (DLIR  -  non DLIR)  DLIR Non-DLIR  Difference (DLIR  -  non DLIR)  

  
% n % n 

Difference 
value 

95% CI 
p-

value 
% n % n 

Difference 
value 

95% CI p-value 

NO 
FILTERING All Features 19.51% 127 9.06% 59 10.45% [7.77% - 13.12%] <0.01 34.10% 355 30.74% 320 3.36% [1.66% - 5.07%] <0.01 

 First-Order Features 27.78% 35 17.46% 22 10.32% [4.57% - 16.07%] <0.01 39.95% 153 38.38% 147 1.57% [-1.32% - 4.46%] 0.38 

 Higher-Order Features 17.52% 92 7.05% 37 10.48% [7.46% - 13.49%] <0.01 30.70% 202 26.29% 173 4.41% [2.31% - 6.51%] <0.01 

LoG 
FILTERING 

All Features 
26.88% 175 6.30% 41 +20.58% [17.42% - 23.75%] <0.01 2.88% 30 13.81% 144 -10.93% [-13.09% - -8.77%] <0.01 

 First-Order Features 44.44% 56 11.11% 14 +33.33% [24.81% - 41.85%] <0.01 6.23% 24 13.25% 51 -7.01% [-10.58% - -3.45%] <0.01 

 
Higher-Order Features 

22.67% 119 5.14% 27 +17.52% [14.23% - 20.82%] <0.01 0.91% 6 14.13% 93 -13.22% 
[-15.91% - -

10.53%] <0.01 
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Additional File 5 
Comparison of 3 methods and 2 thresholds in radiomic feature repeatability. 

A. Comparison of feature repeatability using OCCC, ICC(1,1) and ICC(2,1) with a threshold of 
0.9 

 

MAIN CRITERIA: OCCC>0.9 
 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 47.68% (1215) 39.21% (999) 
46.57% 
(1723) 

46.97% 
(1877) 

First order 
features 54.17% (273) 46.43% (234) 50.67% (684) 50.41% (735) 
Higher order 
features 46.09% (942) 37.43% (765) 

44.21% 
(1039) 45% (1142) 

 

ICC(1,1) - 2ndary >0.9 
 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 49.14% (1252) 
40.54% 
(1033) 

48.27% 
(1798) 

48.25% 
(1941) 

First order 
features 55.56% (280) 47.42% (239) 51.05% (702) 51.04% (758) 
Higher order 
features 47.55% (972) 38.85% (794) 

46.64% 
(1096) 

46.61% 
(1183) 

 

ICC(2,1) - 2ndary >0.9 

 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 49.25% (1255) 
40.58% 
(1034) 48.32% (1800) 

48.27% 
(1942) 

First order 
features 55.75% (281) 47.42% (239) 51.13% (703) 51.04% (758) 
Higher order 
features 47.65% (974) 38.89% (795) 46.68% (1097) 

46.65% 
(1184) 
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B. Comparison of feature repeatability using OCCC, ICC(1,1) and ICC(2,1) with a threshold of 
0.75 
 

 

MAIN CRITERIA: OCCC>0.75 
 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 75.12% (1914) 
69.74% 
(1777) 

76.08% 
(2815) 

72.75% 
(2907) 

First order 
features 82.74% (417) 81.15% (409) 76% (1026) 

73.05% 
(1065) 

Higher order 
features 73.24% (1497) 

66.93% 
(1368) 

76.13% 
(1789) 

72.58% 
(1842) 

 

ICC(1,1) - 2ndary >0.75 
 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 75.67% (1928) 
71.19% 
(1814) 

76.75% 
(2859) 

73.55% 
(2959) 

First order 
features 82.94% (418) 81.75% (412) 

75.35% 
(1036) 

72.73% 
(1080) 

Higher order 
features 73.87% (1510) 

68.59% 
(1402) 

77.57% 
(1823) 

74.03% 
(1879) 

 

ICC(2,1) - 2ndary >0.75 

 PyRadiomics MIRP 
 DLIR Non-DLIR DLIR Non-DLIR 

All features 76.14% (1940) 
71.59% 
(1824) 77.18% (2875) 

73.95% 
(2975) 

First order 
features 83.93% (423) 82.74% (417) 75.78% (1042) 73.2% (1087) 
Higher order 
features 74.22% (1517) 

68.84% 
(1407) 78% (1833) 

74.39% 
(1888) 
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Additional File 6 
Number (and %) of different features between DL and non-DL reconstructions with or without pre- 
and post-processing steps (Kruskal Wallis test with Benjamini–Hochberg correction for multiple 
comparisons) 

A. Differences between PyRadiomics features 

 

  

N4 bias correction 
Image intensity 
Normalisation 

N4 bias correction 
Image intensity 

Normalisation and 
ComBat 

Category n % n % 
Overall   502 77.11 505 77.57 

First Order 
89 70.63 

80 
63.49 

 
Higher Order 413 78.67 425 80.95 

 GLCM 126 75 132 78.57 

 GLRLM 91 81.25 94 83.93 

 GLSZM 93 83.04 89 79.46 

 GLDM 81 82.65 87 88.78 

 NGTDM 22 62.86   
 

B. Differences between MIRP features 

  

N4 bias correction 
Image intensity 
Normalisation 

N4 bias correction 
Image intensity 

Normalisation and 
ComBat 

Category n % n % 
Overall   340 32,82 420 40,54 
First 
Order  

71 18,78 115 30,42 

 Loc  6 42,86 7 50 

 IVH  15 15,31 25 25,51 

 Stat  24 17,14 40 28,57 

 IH  26 20,63 43 34,13 
Higher Order 269 40,88 305 46,35 

 GLCM  62 35,43 65 37,14 

 GLRLM  48 42,86 49 43,75 

 GLSZM  56 50 64 57,14 

 GLDZM  40 35,71 54 48,21 

 NGTDM  10 28,57 15 42,86 

 NGLDM  53 47,32 58 51,79 
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C. Graphical example 
 

Example of two radiomic features (PyRadiomics 2D Flair GLCM Cluster Shade (A and B) and MIRP 
3DT2 NGTDM Strength (C and D)) for which the difference between DL and non-DL reconstruction 
was worsened by ComBat correction. Difference was evaluated with Kruskall -Wallis test with 
Benjamini–Hochberg correction for multiple comparisons. 
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Additional File 7 
A. SNR and CNR measurements 

 SNR 
 DLIR Non-DLIR    

Sequence mean SD mean SD p-value 

2DFLAIR 1.91E+08 2.27E+08 1.62E+08 2.19E+08 <0.001 

2D T1 5.44E+07 3.27E+07 6.77E+07 3.94E+07 <0.001 

2D T2 2.49E+08 2.91E+08 2.23E+08 2.93E+08 <0.001 

3D T1 3.79E+07 5.53E+07 1.56E+08 1.33E+08 <0.001 

3D T2 5.61E+07 8.70E+07 1.89E+08 1.47E+08 <0.001 

Diffusion 5.96E+01 5.16E+01 3.76E+01 3.14E+01 <0.001 

T2 IP 3.01E+08 3.47E+08 2.85E+08 3.91E+08 <0.001 
 
 

 DLIR Non-DLIR    

Sequence mean SD mean SD p-value 

2DFLAIR 1.91E+08 2.27E+08 1.62E+08 2.19E+08 <0.001 

2D T1 5.44E+07 3.27E+07 6.77E+07 3.94E+07 <0.001 

2D T2 2.49E+08 2.91E+08 2.23E+08 2.93E+08 <0.001 

3D T1 3.79E+07 5.53E+07 1.56E+08 1.33E+08 <0.001 

3D T2 5.61E+07 8.70E+07 1.89E+08 1.47E+08 <0.001 

Diffusion 5.89E+01 5.16E+01 3.69E+01 3.14E+01 <0.001 

T2 IP 3.01E+08 3.47E+08 2.85E+08 3.91E+08 <0.001 
 
SNR and CNR measurements by sequences and reconstruction 
 

B. Graphical example 
 
2D slice of a 2DFLAIR acquisition, with DLIR and non-DLIR. An orange is magnified in the red 
box. The signal to noise ratio (SNR) is higher in the DLIR. The number of reproducible features 
is higher with DLIR for both radiomic platforms. 
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