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Abstract 

Objectives:  

While Deep Learning-based Image Reconstruction (DLIR) is increasingly used to improve MRI quality, 

its influence on radiomic stability remains underexplored. This study aimed to assess the impact of DLIR 

on the reproducibility and discriminative power of radiomic features in liver MRI. 

Material and Methods:  

In this retrospective study, 95 patients with malignant liver lesions underwent 1.5T MRI (T2, T2FS, and 

Diffusion). Images were reconstructed using both traditional (non-DLIR) and DLIR (AIR Recon DL) 

methods. Three regions of interest (ROI) - tumor, peritumoral, and healthy liver - were segmented by two 

readers. Intra- and inter-observer reproducibility were evaluated using ICC. Discriminative power was 

assessed via Random Forest classifiers and Wilcoxon tests to distinguish tissue types. 

Results:  

Generalized Linear Mixed Models showed no significant difference in the number of reproducible 

features between DLIR and non-DLIR for intra-observer (Odds Ratio (OR): 0.860, 95%CI [0.653; 1.135]) 

or inter-observer (OR: 1.098, 95%CI [0.673; 1.791]) analyses. Inter-observer reproducibility remained 

low across all reconstructions, particularly for intensity features. Classifier performance for tissue 

differentiation remained comparable between reconstructions. A slight decrease (2–7%) in the 

percentage of discriminative features was observed with DLIR, suggesting a mild smoothing effect on 

subtle textures. 

Conclusion:  

DLIR does not significantly improve or degrade the reproducibility of radiomics in liver MRI. However, 

DLIR preserves the essential signatures required for tissue discrimination. These results support the 
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clinical integration of DLIR in radiomic workflows, confirming that it can be used without compromising 

the reliability of quantitative imaging biomarkers. 
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List of Abbreviations 

• ARDL: AIRTM Recon Deep Learning  

• ASIR: Adaptive Statistical Iterative Reconstruction 

• TACE: Transcatheter arterial chemoembolization 

• HCC: Hepatocellular carcinoma 

• DL: Deep Learning 

• DLIR: Deep Learning Image Reconstruction 

• FS: Fat Saturation 

• GLCM: Gray Level Co-occurrence Matrix 

• GLDZM: Gray Level Distance Zone Matrix 

• GLMM: Generalized Linear Mixed Model  

• GLRLM: Gray Level Run Length Matrix 

• GLSZM: Gray Level Size Zone Matrix 

• IBSI: Image Biomarker Standardization Initiative 

• ICC: Intraclass Correlation Coefficient 
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• MRI: Magnetic Resonance Imaging 

• MIRP: Medical Image Radiomics Processor 

• NGTDM: Neighborhood Gray Tone Difference Matrix 

• NGLDM: Neighboring Gray Level Dependence Matrix 

• OR: Odds Ratio 

• ROI: Region of Interest 

• T: Tesla 

• CT: Computed Tomography 

• PET: Positron Emission Tomography 

• NET: Neuroendocrine Tumor 

Introduction 

Radiomics consists of extracting quantitative information, known as radiomic features, from medical 

images [1]. Used alone or combined with clinical, biological, or genetic data, these features can aid in 

diagnosis, evaluate therapeutic response, or predict prognosis [2]. Numerous studies have developed 

predictive models tailored to specific diseases using radiomic features derived from training cohorts [3–

7]. 

However, despite a growing body of literature, radiomics still struggles to find widespread clinical 

application, mainly due to the challenge of reproducing results [8]. The reasons for this lack of 

reproducibility have been well documented [8,9]. Several methodological recommendations have 

emerged to address this limitation, notably the Image Biomarker Standardization Initiative (IBSI), which 

plays a central role [10,11]. 
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Methodological studies have highlighted various factors that can affect the stability of radiomic 

features, particularly in CT imaging [12], PET imaging, and to a lesser extent, MRI. Indeed, it was shown 

that the extraction of radiomic features in MRI may be influenced by scanner-related factors, such as 

the manufacturer [13]. Moreover, acquisition parameters like spatial resolution or echo time also affect 

the extracted feature values [14,15]. Post-processing effects, such as smoothing or alteration of 

textures [16], and segmentation of regions of interest [17], further contribute to variability in radiomic 

features. These observations underscore the importance of standardizing every step in the radiomic 

workflow, from image acquisition to data analysis, to enhance the reliability and reproducibility of 

results. 

DL-based image reconstruction methods are now available in both CT and MRI. These methods have 

demonstrated advantages over traditional reconstruction techniques, particularly in noise reduction 

[18] and diagnostic performance [19], and are now commonly used in clinical practice. The impact of 

DLIR on radiomic features has been studied in CT imaging. As expected, radiomic features obtained 

after DLIR differ from those from traditional iterative reconstructions [20]. The influence of DLIR on the 

stability of radiomic features has also been explored. A study using an anthropomorphic phantom 

showed improved reproducibility of radiomic features with DLIR [21]. Zhong et al. [20] partially 

addressed this issue in liver lesion CT scans, showing higher repeatability indices with DLIR compared 

to ASIR-V. In contrast, the impact of DLIR on radiomic features in MRI remains underexplored. A few 

studies [22–24] showed that radiomic features differ from those obtained with traditional non-DLIR, but 

the effect on reproducibility has never been studied in MRI. 

We thus aimed to assess the impact of DLIR on the reproducibility of radiomic features, by comparing 

features from DLIR images with those from non-DLIR images. The primary objective of our study was to 

compare the intra- and inter-observer reproducibility of radiomic features according to reconstruction 

type on MRIs of malignant liver lesions. Secondary objectives were to compare the discriminative power 

of radiomic features between different tissue types (tumor, peritumoral area, and normal liver) across 
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reconstruction types, and to quantify the number of radiomic features differing between DLIR and non-

DLIR. 

Materials and Methods 
 
Study Population 

The study was approved by the local ethics committee (IRB00013412, “CHU de Clermont Ferrand IRB 

#1”, IRB number 2025-CF483) and complied with French data protection regulations.  

We conducted a retrospective, single-center study at the Estaing University Hospital (CHU) in Clermont-

Ferrand. All patients who underwent a liver MRI on the same scanner (Signa Artist; 1.5T, GE Healthcare™) 

between November 2022 and November 2023 were screened for inclusion. 

Inclusion criteria were: patients who underwent a liver MRI in our institution on a Signa Artist scanner 

(1.5 T, GE Healthcare) including the three sequences of interest with both reconstructions, aged 18 

years or older, and having at least one malignant hepatic lesion of primary or secondary origin 

(diagnosed histologically or radiologically) measuring more than 10 mm in its longest axis. 

Exclusion criteria were a prior focal treatment on the lesion (surgery, thermal ablation, or radiation 

therapy), or the presence of artifacts on any of the sequences. Ultimately, 95 patients were included in 

our study (Figure 1). Population characteristics are described in Table 1.  

A summary of the study design is shown in Figure 2. 

 

Image Acquisition 

The MRI protocol required three specific axial sequences: T2, T2 with fat saturation (T2FS), and 

diffusion-weighted imaging (Diffusion). Sequence parameters are provided in Table 2. Each sequence 
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was reconstructed both conventionally (non-DLIR) and using DLIR (AIR Recon DL, GE Healthcare™; 

vendor-specific algorithm implementation), yielding six image series per patient. Briefly, this algorithm 

includes a deep CNN trained on a database of paired low-noise and high-noise k-space data to 

suppress noise and truncation artifacts before image synthesis and takes raw k-space data as its input 

and generates high fidelity images as its output [25] and has no user-adjustable settings. 

One lesion larger than 10 mm was randomly selected per patient. The image passing through the long 

axis of the lesion was extracted from each of the six series for analysis. 

 

Segmentation 

On each of the six series per patient, manual 2D segmentation was performed using 3D-Slicer software. 

Three different regions were segmented (Figure 3): 

• Manual segmentation of the tumor lesion. 

• Semi-automatic segmentation of the peritumoral region, defined as a 5 mm peripheral rim 

around the tumor ROI automatically generated with manual correction to remove non-

parenchymal areas (e.g., vessels, extrahepatic structures). 

• Manual segmentation of a circular ROI of healthy parenchyma (ROI), placed in the most anterior 

and left part of the liver on that slice, in normal appearing parenchyma, with a 10-mm diameter. 

Segmentation was performed twice by Reader 1 (radiology resident) with a 3 month wash out period 

before the second segmentation and once by Reader 2 (senior radiologist with 13 years of abdominal 

imaging experience), resulting in three segmentations per sequence. Segmentation was performed with 

Slicer 5.6.1 (https://www.slicer.org/, [26]).  

 

https://www.slicer.org/
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Radiomic Feature Extraction 

Radiomic features were extracted using the MIRP (Medical Image Radiomics Processor) platform [27], 

which complies with the IBSI guidelines. The preprocessing settings included bias field inhomogeneity 

correction, intensity normalization by the standardization method, resampling to isotropic 1 mm³ 

voxels, and discretization using 32 bins. 

A total of 152 features were extracted: 57 intensity-based features (2 local intensity, 18 intensity-based 

statistical, 23 intensity histogram, 14 intensity-volume histogram) and 95 higher-order textural features 

(25 GLCM, 16 GLRLM, 16 GLSZM, 16 GLDZM, 5 NGTDM, 17 NGLDM) (see Supplementary material 1). 

Shape features were not included as they were deemed irrelevant to the study objective. 

 

Statistical Analysis 

To evaluate the impact of DLIR on radiomic feature stability, the number of reproducible features was 

compared between DLIR and non-DLIR across three anatomical regions (Liver, Tumor, Peri-tumor) and 

three MRI sequences (Diffusion, T2, T2FS). Reproducibility analysis was performed using ICC (2,1). A 

feature was considered reproducible if the lower bound of the 95% CI was greater than 0.75. 

Statistical significance was assessed using a Generalized Linear Mixed Model (GLMM) with a binomial 

logit link function. The stability of a feature (stable vs. unstable) was treated as the binary dependent 

variable. Reconstruction method (DLIR vs. non-DLIR) was included as a fixed effect, while anatomical 

region and sequence type were treated as random effects to account for the inherent clustering and 

potential variability across different imaging protocols and tissues. Odds Ratios (OR) and 95% 

Confidence Intervals (CI) were calculated to quantify the likelihood of achieving feature stability with 

DLIR compared to the non-DLIR.  
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Differences in feature values between DLIR and non-DLIR were also evaluated using the Wilcoxon 

signed-rank test with Bonferroni correction. 

 

Tissue Type Discriminative Power 

The tissue type discriminative power of radiomic features was assessed by two complementary 

approaches: statistical separability and predictive performance. 

For statistical separability analysis, the number of significantly different features between the three 

tissue types for a given sequence and reconstruction was assessed using the Kruskal-Wallis test. 

Pairwise differences between regions were evaluated using the Wilcoxon signed-rank test with 

Bonferroni correction for multiple comparisons. 

For predictive performance, Random Forest classifiers were employed to differentiate ROI from 

different tissue types using numerical radiomic features for each MRI sequence and reconstruction. For 

each combination, the dataset was repeatedly partitioned into training (70%) and testing (30%) subsets 

across 30 bootstrap iterations, ensuring that each patient was included in only one subset per iteration. 

Classifier performance was evaluated using accuracy scores, and statistical comparisons between 

reconstruction methods were conducted with paired t-tests. 

All analyses were performed using R (v4.5.2, R Core Team, Vienna, Austria, [28]), with the lme4 package. 

A p-value < 0.05 was considered statistically significant. 

Results 

Intra-observer Reproducibility 

The main results for intra-observer radiomic feature reproducibility are shown in Table 3 (detailed results 

in Supplementary material 2). 
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No reproducibility difference was found between the reconstructions with the GLMM: Odds Ratio (effect 

of DLIR vs non-DLIR) 0.860, 95%CI [0.653; 1.135]. 

Intra-observer analysis, regardless of reconstruction method, showed overall excellent reproducibility 

of radiomic features within tumor lesions, moderate reproducibility in the peritumoral region (varying by 

sequence), and almost no reproducibility in the healthy liver parenchyma. When comparing 

reconstructions, reproducibility in healthy liver was similar. In the peritumoral region, DLIR showed a 

moderate decrease in reproducibility across all three sequences, particularly in T2FS (67.76% of 

features reproducible vs. 74.34% with non-DLIR). This decline was mainly due to variation in higher-

order features, especially GLSZM and GLDZM. 

For healthy liver, reproducibility remained very low across all sequences and reconstructions, 

preventing reliable analysis in this region. 

 

Inter-observer Reproducibility 

The main results for inter-observer radiomic feature reproducibility are presented in Table 4 (detailed 

results in Supplementary material 3). 

No reproducibility difference was found between the reconstructions with the GLMM: Odds Ratio 

(effect of DLIR vs non-DLIR) 1.098, 95%CI [0.673; 1.791].  

Overall inter-observer reproducibility was low across all regions. In tumor lesions, only 6 to 8.5% of 

features were reproducible, with slightly higher rates for DLIR. Intensity features showed particularly 

poor reproducibility, even lower than textural features. 

In both the peritumoral region and healthy liver, reproducibility was nearly zero, and DLIR did not 

improve inter-observer agreement. 
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Tissue Type Discriminative Power: Statistical Separability  

Main results concerning percentage of feature differences between tissues are in Table 5, with 

detailed data in Supplementary material 4.  

Evaluation of statistical separability between tissues revealed a high percentage of feature different 

between tissue types, especially involving tumor tissue. Across all features, three-tissue discrimination 

was high, ranging from 83.55% (T2FS DLIR) to 90.70% (Diffusion non-DLIR). Comparisons between 

peritumoral tissue and healthy liver also showed strong discrimination (around 80%). Tumor vs. healthy 

liver analysis also showed good results, ranging from 73.68% (T2 DLIR) to 80.92% (T2 non-DLIR). 

However, tumor vs. peritumoral comparisons showed much lower discrimination rates: 40.13% (T2 

DLIR) and as low as 15.79% (T2FS DLIR), highlighting the difficulty in differentiating these two tissues, 

especially in T2FS sequences. 

When comparing reconstructions, a general trend was observed: DLIR showed a slight decrease in 

discriminative features compared to non-DLIR, particularly in tumor-involved comparisons. Most 

notable differences were in tumor vs. healthy liver analysis, especially in T2 and diffusion: 80.92% (T2 

non-DLIR) vs. 73.68% (T2 DLIR), and 76.32% (Diffusion non-DLIR) vs. 69.74% (Diffusion DLIR). This 2–

7% drop suggests that DLIR maintains overall discriminatory capability but may obscure subtle textural 

differences captured by conventional sequences. 

 

Tissue Type Discriminative Power: Predictive Performance 

Classifiers were trained to differentiate ROI from different tissue types using numerical radiomic 

features for each MRI sequence and reconstruction to differentiate ROI from different tissue types 

using numerical radiomic features for each MRI sequence and reconstruction, using a bootstrap cross 

validation.  The performances of classifiers are shown in Table 6. There was no difference of 
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classification performance between DLIR and non-DLIR reconstructions for each sequence when 

considering all features. When considering independently intensity and texture features, only T2 non-

DLIR had a better classification performance than T2 DLIR. 

 

Differences Between Reconstructions 

The main results showing the number of features significantly different between reconstructions are 

shown in Table 7, with detailed results in Supplementary material 5. 

Analysis showed that reconstruction type significantly impacted certain radiomic feature categories. 

For all sequences and ROI location, the feature difference was more pronounced on higher-order 

features than on intensity features (43.16% vs 3.51% for T2 tumor ROIs).  A graphical example of two 

affected features is presented in Figure 4. This difference, however, varied according to ROI location, the 

difference being major for peri tumoral ROIs, and less marked for normal liver ROIs. In diffusion 

sequences, differences in global features were minimal across all regions (tumor: 1.32%, peritumoral: 

7.89%, healthy liver: 0.66%), showing minimal differences induced by the reconstruction. 

Discussion 

This study explored the impact of DLIR MRI on the stability of radiomic features of malignant liver 

lesions, compared to conventional reconstructions. To our knowledge, this is the first study conducted 

in liver MRI to integrate intra- and inter-observer reproducibility, discriminative power, and quantitative 

variations in radiomic features depending on reconstruction methods. 

Our results show that there was no overall difference in the number of reproducible features between 

DLIR and non-DLIR for both inter- and intra-observer studies. This constitutes the main finding of our 

study, demonstrating that the integration of DL-based denoising does not introduce additional 

instability into the radiomic pipeline. It effectively shifts the focus away from reconstruction-related 
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variability, identifying other causes such as manual segmentation as the persistent and primary 

obstacle to radiomic reproducibility in MRI.  

For inter observer study, intensity features tended to show a slight improvement under DLIR in T2FS. 

These results are consistent with previous CT studies showing that DLIR can improve the stability of 

certain radiomic features [21]. However, in the peritumoral region, we observed a moderate decrease in 

reproducibility across all sequences (T2, T2FS, Diffusion), mainly affecting higher-order features 

(GLSZM, GLDZM), suggesting that DLIR may alter certain fine textural patterns [22]. In healthy liver 

tissue, the low reproducibility observed under all conditions aligns with findings in the literature, which 

highlight the sensitivity of radiomic measurements to low contrast and artifacts in homogeneous 

healthy areas [29]. 

A crucial point of our study is the contrast between the relative contributions of reconstruction 

variability and segmentation variability to radiomic instability. The choice of reconstruction algorithm 

(DLIR vs. non-DLIR) had a negligible impact on overall feature reproducibility, as evidenced by the lack 

of statistical significance in our GLMM analysis. Conversely, segmentation variability emerged as the 

dominant source of error in the radiomic pipeline. This is demonstrated by the dramatic drop in feature 

stability when moving from intra-observer to inter-observer analysis: within tumor lesions, features 

exhibited high intra-observer reproducibility, yet only 6.0% to 8.5% of these features remained 

reproducible across different readers, regardless of whether DLIR was applied. This difference in 

variance underscores that human manual segmentation introduces a critical bottleneck that eclipses 

the subtle technical variations induced by advanced DL reconstruction methods. Consequently, DLIR 

does not exacerbate nor mitigate the segmentation-driven noise; it merely operates on a baseline that 

remains heavily compromised by inter-operator boundary definitions. In our results, intra-observer 

reproducibility of radiomic features was generally high within the tumor, regardless of reconstruction 

type. In contrast, inter-observer reproducibility was low across all regions of interest, regardless of 

reconstruction type. These results confirm the central role of segmentation as a major limiting factor in 
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radiomics, especially in MRI, where contrast boundaries are often less distinct than in other imaging 

modalities [30], even when segmentation is performed by experienced operators [31]. DLIR does not 

appear to offset this variability. These findings support the development of semi-automatic or automatic 

segmentation solutions [32] and the establishment of a rigorous methodology to limit inter-operator 

variability. 

Discriminative power analysis was mainly evaluated by two complementary approaches: statistical 

separability and predictive performance. The predictive performances of the classifiers to distinguish 

tissue types were similar between reconstructions. The findings indicate that DLIR tends to maintain 

the integrity of the primary radiomic signatures. Specifically, the discriminatory information used for 

tissue characterization does not suffer from the oversmoothing or blurring effects often associated with 

advanced denoising methods. On the other hand, the statistical separability analysis revealed that a 

high percentage of radiomic features were significantly different between tissue types (tumor, 

peritumoral regions and healthy liver) for both reconstructions. However, a slight decrease in the 

percentage of discriminative features was observed after DLIR compared to non-DLIR, particularly in 

comparisons involving tumor vs. healthy liver. This 2 to 7% drop suggests that DLIR maintains overall 

discriminatory capability but may obscure subtle textural differences captured by conventional 

sequences. We hypothesize that this reduction may reflect a smoothing or intensity normalization effect 

that reduces the detection of fine tumor heterogeneities [33]. As expected, discrimination between 

tumor and peritumoral zones remained more challenging, with especially poor performance in T2FS 

DLIR. These findings suggest that DL reconstructions, while reducing noise, may smooth out subtle 

image variations, potentially blurring fine details. This effect is particularly noticeable in peritumoral 

regions, which may contain important diagnostic and prognostic information [34].  

The analysis of differences between reconstruction methods identified the most DLIR-sensitive families 

of features. Higher-order textural features were the most affected, especially outside the tumor, with up 

to 55% of textural features in the peritumoral region significantly different between both 
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reconstructions. To anchor the mathematical variations induced by the difference of reconstruction in 

a radiological context, specific higher-order features disrupted by DLIR in the peritumoral region warrant 

interpretation. For example, GLSZM - Small Zone Emphasis, which quantifies the prevalence of small, 

fine-grained zones of identical intensity, significantly decreased after DLIR (Figure 4). Factually, this 

indicates that the DL-based denoising process removes micro-textures and fine pixel-to-pixel 

variations, reducing perceived tissue micro-heterogeneity. Similarly, NGTDM - Busyness, which 

measures rapid spatial changes in intensity characteristic of highly textured areas or irregular borders, 

was significantly lower on DLIR images (Figure 4). This decrease reflects an intensity-smoothing effect 

that softens transition zones between tissue interfaces. While this smoothing reduces high-frequency 

technical noise and improves visual image quality for clinical reading, it might limit the capacity of 

radiomic models to detect subtle, high-frequency textural patterns critical for characterizing 

peritumoral infiltration. In contrast, intensity features were relatively unchanged. The diffusion 

sequence showed remarkable stability, with limited variation induced by DLIR. Such variability indicates 

that DLIR performance is inherently linked to the specific imaging sequence (and possibly anatomical 

site), likely reflecting the biases within the underlying training datasets. Consequently, these sequence-

dependent variations in reconstruction can differentially affect the robustness and reproducibility of 

extracted radiomic features.  

The generalizability of our findings to other commercial DLIR algorithms warrants careful consideration. 

Our quantitative results are specific to GE Healthcare’s AIR Recon DL (1.5T), which operates as a deep 

CNN applied directly to complex k-space data, while other vendors employ distinct neural network 

architectures, training datasets, and target output optimization strategies [35,36]. For instance, 

Siemens Healthineers (Deep Resolve) combines k-space denoising with image-space super-resolution 

neural network [37], Philips Healthcare (SmartSpeed) uses a CNN designed to replace the iterative 

optimization process, and the traditional wavelet transform in compress sensing in a an undersampled 

k-space [38], and Canon Medical Systems (AiCE) utilizes DL noise-matching networks operating 

predominantly in the image domain [39]. Because k-space filtering directly alters high-frequency spatial 
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spectra prior to image generation, it selectively modifies fine textural relationships differently than post-

reconstruction image-domain filters. Despite these proprietary differences, clinical DLIR engines share 

the fundamental objective of noise reduction and signal-to-noise ratio enhancement [40–42]. 

Consequently, the qualitative findings of our study, specifically that DLIR preserves baseline radiomic 

reproducibility while inducing a mild smoothing of micro-scale textural patterns, are expected to 

generalize as inherent properties of DL denoising. However, the exact quantitative feature shifts, such 

as specific numerical drops in GLSZM and NGTDM indices, do not directly translate to other algorithms. 

These quantitative variations remain dependent on proprietary network designs, training datasets, and 

user-selectable denoising strength levels (e.g., low, medium, or high). Therefore, while the broad 

methodological principles apply across platforms, feature-level numerical thresholds must be 

considered algorithm- and setting-specific. 

Furthermore, these findings have significant implications for multicenter radiomics harmonization 

studies. As DLIR algorithms are increasingly adopted across different institutions and vendors, they 

introduce a new layer of technical heterogeneity across institutions. Because different vendors utilize 

distinct neural network architectures and noise-reduction thresholds, combining conventional and 

vendor-specific DL-reconstructed series acquired with varying parameters across multiple sites risks 

introducing systematic batch effects. In a multicenter context, these reconstruction-induced 

variations, particularly in higher-order textural features, can obscure subtle biological signals or lead to 

false-positive associations. To ensure the portability of radiomic signatures across centers, multicenter 

protocols should, as already mentioned, first establish standardized segmentation workflows to 

minimize observer-dependent variance. Building on a consistent segmentation baseline, studies must 

systematically implement feature-level post-processing harmonization methods, such as ComBat [43] 

or other feature normalization approaches [44,45], to adjust for reconstruction type alongside scanner 

model, acquisition parameters, and field strength [11]. 
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These sequence- and region-dependent variations have implications for AI models trained on mixed 

reconstruction images. In real-world clinical repositories, datasets are frequently heterogeneous, 

combining historical conventional reconstructions with modern DLIR images. Our results reveal that up 

to 55% of higher-order textural features in the peritumoral zone significantly differ between DLIR and 

non-DLIR series. Consequently, if a radiomic AI model is trained on such a mixed dataset without 

specific constraints, the underlying machine learning algorithm may inadvertently leverage these 

reconstruction-driven technical variations as hand-crafted features. This creates a high risk of shortcut 

learning where the model classifies tissues based on the reconstruction type (e.g., detecting the 

smoothness of DLIR) rather than the true physiological or pathological heterogeneity of the tumor [46]. 

To mitigate this risk and ensure the generalizability of AI models, future workflows utilizing mixed 

pipelines must implement strict data-augmentation strategies (such as training models with explicit 

domain-adversarial regularization) or utilize style-transfer techniques (e.g., CycleGANs) to harmonize 

image textures prior to feature extraction [47]. 

Based on the significant variations we observed in higher-order textural features between 

reconstruction methods, we advocate for the implementation of standardized reconstruction reporting 

in all future radiomics literature. Currently, many radiomic studies meticulously report acquisition 

parameters (such as repetition time, echo time, and spatial resolution) but tend to omit the specifics of 

the reconstruction pipeline. Our data show that the introduction of DLIR introduces a distinct technical 

signature. Therefore, authors should systematically report: the type of reconstruction engine used 

(conventional or DL-based); the specific vendor and software version; and the exact reconstruction 

strength or denoising level applied (e.g., low, medium, high), as these settings directly dictate the degree 

of textural smoothing.  

Based on those findings, we sum up four practical recommendations for future radiomics workflows 

incorporating DL reconstructions to ensure study reproducibility and comply with the evolving IBSI and 

EuSoMII guidelines: 1) Standardized reporting of reconstruction parameters: researchers should 
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systematically report the specific reconstruction algorithm, vendor, software version, and applied DL 

strength level (such as low, medium, or high) [48]. 2) Prioritizing automated segmentation: because 

inter-observer segmentation variability remains the dominant source of feature instability, future 

studies should implement validated automated or semi-automated segmentation pipelines to minimize 

reader-dependent noise before evaluating technical image parameters. 3) Harmonization: when 

datasets combine conventional and DL-reconstructed series, or images from multiple vendors, feature-

level harmonization methods or generative style-transfer models should be applied prior to classifier 

training to prevent shortcut learning. 4) Feature selection and stability filtering: Analysts should exercise 

caution when utilizing higher-order textural features (specifically GLSZM and NGTDM indices) derived 

from DLIR images, as these metrics are sensitive to denoising-induced smoothing. Conducting explicit 

feature-stability filtering across reconstruction types is recommended prior to constructing predictive 

radiomic signatures. 

Our study has several limitations. First, segmentations were performed in 2D on a single slice per 

sequence. Although 2D analysis reduces computational burden and manual segmentation time, 3D 

volumetric analysis would capture whole-tumor spatial heterogeneity more completely and avoid slice-

selection bias. Second, our study is constrained by a single-field-strength (1.5T) and single-vendor 

design. While restricting our protocol to a single platform (Signa Artist, GE Healthcare™) was 

methodologically intentional to eliminate hardware-induced confounding factors, it restricts the 

immediate generalizability of our quantitative results. Imaging at 1.5T features a lower baseline signal-

to-noise ratio (SNR) and different susceptibility artifact profiles compared to 3T systems. Because DLIR 

algorithms are intrinsically designed to suppress noise and optimize image sharpness, their impact on 

higher-order textural features might differ on 3T systems, where the baseline noise is lower and spatial 

resolution is often inherently higher. Furthermore, because different manufacturers implement distinct 

CNN architectures and proprietary training datasets, intensity normalization, and smoothing effects 

observed here are representative of GE's AIR Recon DL but may not directly translate to alternative 

commercial algorithms. Consequently, our specific percentage thresholds regarding feature 
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modifications should be interpreted as vendor- and field-strength-dependent, highlighting the need for 

future multi-vendor, multi-field-strength trials to validate these interactions across the broader clinical 

landscape. Third, the patient cohort was histologically heterogeneous, including both primary liver 

cancers (such as hepatocellular carcinoma) and secondary metastatic lesions, situated within varying 

underlying liver condition (cirrhotic versus non-cirrhotic liver). Tissue-specific baseline texture might 

influence the magnitude of DLIR smoothing differently across pathologies. Lastly, while we evaluated 

statistical separability and tissue classification, we did not evaluate downstream clinical prediction 

tasks, such as predicting microvascular invasion, treatment response, or overall survival. Further 

studies incorporating clinical endpoints are necessary to determine whether reconstruction-induced 

feature shifts alter actual predictive model performance. Nevertheless, this methodological study 

appears essential for improving our understanding of the factors influencing radiomics and for guiding 

the development of robust models. 

In conclusion, our study demonstrates that Deep Learning-based Image Reconstruction does not 

fundamentally alter the overall reproducibility of radiomic features compared to conventional methods. 

Both intra- and inter-observer variability remain primarily driven by segmentation challenges rather than 

reconstruction algorithms. Notably, DLIR maintains the discriminative power necessary to distinguish 

between malignant lesions and healthy tissue, despite a slight attenuation of subtle textural features in 

peritumoral regions. These findings suggest that DLIR can be integrated into radiomic workflows without 

compromising diagnostic integrity, though researchers should remain cautious of its potential 

smoothing effects on high-order textural signatures. Ultimately, establishing standard operating 

procedures that include mandatory, detailed reporting of reconstruction algorithms and their specific 

strength settings will be an essential step toward achieving reproducible radiomics in clinical practice.   
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Tables 
 

Table 1: Population characteristics. 

  Total (n=95) 
Age, in years mean (min-max) 66.96 (35-87) 
Gender (%, M/F) 76.84 / 23.16 
Histology type, n (%)   
   Primary lesions 38 (40.00%) 
      HCC  35 (36.84 %) 
      Cholangiocarcinoma 3 (3.16 %) 
   Secondary lesion  57 (60.00%) 
       Colorectal adenocarcinoma 27 (28.42 %) 
       Neuroendocrine tumor  24 (25.26 %) 
       Pancreatic adenocarcinoma 3 (3.16 %) 
       Melanoma 3 (3.16%) 
Lesion size in mm mean (min-max) 39 (11-200) 
History of systemic treatment, n (%) 48 (50.53%) 
History of TACE, n (%) 16 (16.84 %) 
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Table 2: MRI acquisition parameters. 

 In plane 

resolution 

(mm x 

mm) 

Matrix 

Slice 

thickness 

(mm) 

TR (ms) TE (ms) NEX b Reference 

acquisition 

axial T2 1.3 x 1.9 320 x 224 4.5 Minimum 108 1 /  

axial T2FS 1.6 x 2.1 256 x 200 4 17645 Min Full 1  / 

axial diffusion 3.8 x 2.5 112 x 150 4.5 17650 Min  12 800 
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Table 3: Analysis of intra-observer reproducibility 

 

 

Data are presented as number of features with ICC > 0.75 (%, (n)). 

  All features Intensity features Texture features 

   
DLIR Non-DLIR DLIR Non-DLIR DLIR Non-DLIR    

Tumor 

T2 93.42 (142) 93.42 (142) 92.98 (53) 91.23 (52) 93.68 (89) 94.74 (90) 

T2FS 91.45 (139) 90.79 (138) 87.72 (50) 89.47 (51) 93.68 (89) 91.58 (87) 

Diffusion 90.79 (138) 90.79 (138) 91.23 (52) 89.47 (51) 90.53 (86) 91.58 (87) 
            

Peri 

tumor 

T2 88.16 (134) 91.45 (139) 91.23 (52) 87.72 (50) 86.32 (82) 93.68 (89) 

T2FS 67.76 (103) 74.34 (113) 75.44 (43) 80.70 (46) 63.16 (60) 70.53(67) 

Diffusion 84.87 (129) 86.18 (131) 85.96 (49) 82.46 (47) 84.21 (80) 88.42 (84) 
            

Liver 

T2 0 0 0 0 0 0 

T2FS 0 0 0 0 0 0 

Diffusion 0.66 (1) 0 1.75 (1) 0 0 0 
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Table 4: Analysis of inter-observer reproducibility 

  All features Intensity features Texture features 
   

DLIR Non-DLIR DLIR Non-DLIR DLIR Non-DLIR    

Tumor 

T2 6.58 (10) 5.92 (9) 3.51 (2) 1.75 (1) 8.42 (8) 8.42 (8) 

T2FS 8.55 (13) 7.24 (11) 3.51 (2) 3.51 (2) 11.58 (11) 9.47 (9) 

Diffusion 7.24 (11) 7.24 (11) 0 0 11.58 (11) 11.58 (11) 
            

Peri 

tumor 

T2 0.66 (1) 0.66 (1) 0 0 1.05 (1) 1.05 (1) 

T2FS 0.66 (1) 0.66 (1) 0 0 1.05 (1) 1.05 (1) 

Diffusion 0 0 0 0 0 0 
            

Liver 

T2 0 0 0 0 0 0 

T2FS 0 0 0 0 0 0 

Diffusion 0 0 0 0 0 0 

 

 

Data are presented as number of features with ICC > 0.75 (%, (n)). 

  



29 
 

Table 5: Tissue type discriminative power - statistical separability: percentage of feature differences 
between tissues 

 

 

 

Data are presented as % (n). 

 

  

  All features Intensity features Texture features 
   

DLIR Non-DLIR DLIR 
Non-

DLIR 
DLIR Non-DLIR    

Difference 

between 3 

tissus 

T2 88.16 (134) 89.47 (136) 85.96 (49) 85.96 (49) 89.47 (85) 91.58 (87) 

T2FS 83.55 (127) 86.84 (132) 78.95 (45) 82.46 (47) 86.32 (82) 89.47 (85) 

Diffusion 89.47 (136) 90.79 (138) 85.96 (49) 87.72 (50) 91.58 (87) 92.63 (88) 
            

Difference 

between 

tumor and 

peri tumor 

T2 40.13 (61) 33.55 (51) 42.11 (24) 36.84 (21) 38.95 (37) 31.58 (30) 

T2FS 15.79 (24) 17.11 (26) 17.54 (10) 14.04 (8) 14.74 (14) 18.95 (18) 

Diffusion 34.21 (52) 37.50 (57) 36.84 (21) 36.84 (21) 32.63 (31) 37.89 (36) 

            

Difference 

between 

tumor and 

liver 

T2 73.68 (112) 80.92 (123) 61.40 (35) 66.67 (38) 81.05 (77) 89.47 (85) 

T2FS 78.29 (119) 79.61 (121) 70.18 (40) 73.68 (42) 83.16 (79) 83.16 (79) 

Diffusion 69.74 (106) 76.32 (116) 59.65 (34) 63.16 (36) 75.79 (72) 84.21 (80) 

            

Difference 

between peri 

tumor and 

liver 

T2 80.26 (122) 76.32 (116) 80.70 (46) 71.93 (41) 80.00 (76) 78.95 (75) 

T2FS 80.26 (122) 80.92 (123) 75.44 (43) 75.44 (43) 83.16 (79) 84.21 (80) 

Diffusion 80.92 (123) 80.92 (123) 71.93 (41) 71.93 (41) 86.32 (82) 86.32 (82) 
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Table 6: Tissue type discriminative power: predictive performance: performance of classifiers in differentiating 
tissue types across reconstruction methods. 
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 1 

  
All features Intensity features Texture features 

Sequence Reconstruction 
Mean 

Accuracy 

T-test 
p-

value 

Mean 
Sensitivity 

Mean 
Specificity 

Mean 
Accuracy 

T-test 
p-

value 

Mean 
Sensitivity 

Mean 
Specificity 

Mean 
Accuracy 

Diffusion 
DLIR 0.865   0.865 0.932 0.770   0.771 0.885 0.867 

non-DLIR 0.863 0.687 0.863 0.931 0.774 0.509 0.774 0.887 0.860 

T2 
DLIR 0.812  0.812 0.906 0.704  0.704 0.852 0.810 

non-DLIR 0.803 0.100 0.803 0.901 0.731 <0.001 0.731 0.865 0.805 

T2FS 
DLIR 0.796   0.796 0.898 0.733   0.733 0.866 0.777 

non-DLIR 0.804 0.117 0.804 0.902 0.733 0.954 0.733 0.867 0.789 

  2 

Bold characters indicate significative difference (after Bonferroni correction for multiple comparisons)  3 
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Table 7: Relative frequency of radiomic parameters affected by the reconstruction technique  

 

 

 

 

 

 

 

 

 

 

 

Data are presented as % (n). 

  

  All features 
Intensity 

features 

Higher order 

features 

Tumor 

T2 28.29 (43) 3.51 (2) 43.16 (41) 

T2FS 28.95 (44) 7.02 (4) 42.11 (40) 

Diffusion 1.32 (2) 0 2.11 (2) 
         

Peri 

tumor 

T2 38.16 (58) 8.77 (5) 55.79 (53) 

T2FS 37.5 (57) 8.77 (5) 54.74 (52) 

Diffusion 7.89 (12) 0 12.63 (12) 
         

liver 

T2 34.21 (52) 17.54 (10) 44.21 (42) 

T2FS 36.84 (56) 17.54 (10) 48.42 (46) 

Diffusion 0.66 (1) 0 1.05 (1) 
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Figures 
Figure 1: Patient selection flowchart
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Figure 2: Study design
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Figure 3: Graphical example of the segmentation of the three ROIs on an axial T2 image 
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Figure 4: Graphical example of the differences of feature distribution depending on reconstruction. a: 
Boxplot of tumor T2 GLSZM - Small Zone Emphasis values with DLIR and non-DLIR, DLIR values being 
significantly lower (p<0.001); b: Boxplot of peri tumor T2FS NGTDM - Busyness values with DLIR and 
non-DLIR, DLIR values being significantly lower (p<0.001) 
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Intensity features  Texture features  

loc_peak_loc cm_joint_max_d1_3d_v_mrg_fbn_n32 dzm_sde_3d_fbn_n32 

loc_peak_glob cm_joint_avg_d1_3d_v_mrg_fbn_n32 dzm_lde_3d_fbn_n32 

ivh_v10 cm_joint_var_d1_3d_v_mrg_fbn_n32 dzm_lgze_3d_fbn_n32 

ivh_v25 cm_joint_entr_d1_3d_v_mrg_fbn_n32 dzm_hgze_3d_fbn_n32 

ivh_v50 cm_diff_avg_d1_3d_v_mrg_fbn_n32 dzm_sdlge_3d_fbn_n32 

ivh_v75 cm_diff_var_d1_3d_v_mrg_fbn_n32 dzm_sdhge_3d_fbn_n32 

ivh_v90 cm_diff_entr_d1_3d_v_mrg_fbn_n32 dzm_ldlge_3d_fbn_n32 

ivh_i10 cm_sum_avg_d1_3d_v_mrg_fbn_n32 dzm_ldhge_3d_fbn_n32 

ivh_i25 cm_sum_var_d1_3d_v_mrg_fbn_n32 dzm_glnu_3d_fbn_n32 

ivh_i50 cm_sum_entr_d1_3d_v_mrg_fbn_n32 dzm_glnu_norm_3d_fbn_n32 

ivh_i75 cm_energy_d1_3d_v_mrg_fbn_n32 dzm_zdnu_3d_fbn_n32 

ivh_i90 cm_contrast_d1_3d_v_mrg_fbn_n32 dzm_zdnu_norm_3d_fbn_n32 

ivh_diff_v10_v90 cm_dissimilarity_d1_3d_v_mrg_fbn_n32 dzm_z_perc_3d_fbn_n32 

ivh_diff_v25_v75 cm_inv_diff_d1_3d_v_mrg_fbn_n32 dzm_gl_var_3d_fbn_n32 

ivh_diff_i10_i90 cm_inv_diff_norm_d1_3d_v_mrg_fbn_n32 dzm_zd_var_3d_fbn_n32 

ivh_diff_i25_i75 cm_inv_diff_mom_d1_3d_v_mrg_fbn_n32 dzm_zd_entr_3d_fbn_n32 

stat_mean cm_inv_diff_mom_norm_d1_3d_v_mrg_fbn_n32 ngt_coarseness_3d_fbn_n32 

stat_var cm_inv_var_d1_3d_v_mrg_fbn_n32 ngt_contrast_3d_fbn_n32 

stat_skew cm_corr_d1_3d_v_mrg_fbn_n32 ngt_busyness_3d_fbn_n32 

stat_kurt cm_auto_corr_d1_3d_v_mrg_fbn_n32 ngt_complexity_3d_fbn_n32 

stat_median cm_clust_tend_d1_3d_v_mrg_fbn_n32 ngt_strength_3d_fbn_n32 

stat_min cm_clust_shade_d1_3d_v_mrg_fbn_n32 ngl_lde_d1_a0.0_3d_fbn_n32 

stat_p10 cm_clust_prom_d1_3d_v_mrg_fbn_n32 ngl_hde_d1_a0.0_3d_fbn_n32 

stat_p90 cm_info_corr1_d1_3d_v_mrg_fbn_n32 ngl_lgce_d1_a0.0_3d_fbn_n32 

stat_max cm_info_corr2_d1_3d_v_mrg_fbn_n32 ngl_hgce_d1_a0.0_3d_fbn_n32 

stat_iqr rlm_sre_3d_v_mrg_fbn_n32 ngl_ldlge_d1_a0.0_3d_fbn_n32 

stat_range rlm_lre_3d_v_mrg_fbn_n32 ngl_ldhge_d1_a0.0_3d_fbn_n32 

stat_mad rlm_lgre_3d_v_mrg_fbn_n32 ngl_hdlge_d1_a0.0_3d_fbn_n32 

stat_rmad rlm_hgre_3d_v_mrg_fbn_n32 ngl_hdhge_d1_a0.0_3d_fbn_n32 

stat_medad rlm_srlge_3d_v_mrg_fbn_n32 ngl_glnu_d1_a0.0_3d_fbn_n32 

stat_cov rlm_srhge_3d_v_mrg_fbn_n32 ngl_glnu_norm_d1_a0.0_3d_fbn_n32 

stat_qcod rlm_lrlge_3d_v_mrg_fbn_n32 ngl_dcnu_d1_a0.0_3d_fbn_n32 

stat_energy rlm_lrhge_3d_v_mrg_fbn_n32 ngl_dcnu_norm_d1_a0.0_3d_fbn_n32 

stat_rms rlm_glnu_3d_v_mrg_fbn_n32 ngl_dc_perc_d1_a0.0_3d_fbn_n32 
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Supplementary material 1: List of radiomic features extracted by MIRP. 

 

 

ih_mean_fbn_n32 rlm_glnu_norm_3d_v_mrg_fbn_n32 ngl_gl_var_d1_a0.0_3d_fbn_n32 

ih_var_fbn_n32 rlm_rlnu_3d_v_mrg_fbn_n32 ngl_dc_var_d1_a0.0_3d_fbn_n32 

ih_skew_fbn_n32 rlm_rlnu_norm_3d_v_mrg_fbn_n32 ngl_dc_entr_d1_a0.0_3d_fbn_n32 

ih_kurt_fbn_n32 rlm_r_perc_3d_v_mrg_fbn_n32 ngl_dc_energy_d1_a0.0_3d_fbn_n32 

ih_median_fbn_n32 rlm_gl_var_3d_v_mrg_fbn_n32   

ih_min_fbn_n32 rlm_rl_var_3d_v_mrg_fbn_n32   

ih_p10_fbn_n32 rlm_rl_entr_3d_v_mrg_fbn_n32   

ih_p90_fbn_n32 szm_sze_3d_fbn_n32   

ih_max_fbn_n32 szm_lze_3d_fbn_n32   

ih_mode_fbn_n32 szm_lgze_3d_fbn_n32   

ih_iqr_fbn_n32 szm_hgze_3d_fbn_n32   

ih_range_fbn_n32 szm_szlge_3d_fbn_n32   

ih_mad_fbn_n32 szm_szhge_3d_fbn_n32   

ih_rmad_fbn_n32 szm_lzlge_3d_fbn_n32   

ih_medad_fbn_n32 szm_lzhge_3d_fbn_n32   

ih_cov_fbn_n32 szm_glnu_3d_fbn_n32   

ih_qcod_fbn_n32 szm_glnu_norm_3d_fbn_n32   

ih_entropy_fbn_n32 szm_zsnu_3d_fbn_n32   

ih_uniformity_fbn_n32 szm_zsnu_norm_3d_fbn_n32   

ih_max_grad_fbn_n32 szm_z_perc_3d_fbn_n32   

ih_max_grad_g_fbn_n32 szm_gl_var_3d_fbn_n32   

ih_min_grad_fbn_n32 szm_zs_var_3d_fbn_n32   

ih_min_grad_g_fbn_n32 szm_zs_entr_3d_fbn_n32   
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Supplementary material 2: Detailed analysis of intra-observer reproducibility, number of features with ICC > 0.7 (%, (n)). 
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Supplementary material 3: Detailed analysis of inter-observer reproducibility, number of features with ICC > 0.75 (%, (n)). 
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Supplementary material 4: Detailed analysis of tissue type discriminative power - statistical separability: percentage of feature differences between 
tissues (% (n)). 
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Supplementary material 5: Detailed analysis of relative frequency of radiomic parameters affected by the reconstruction technique (% (n)). 
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