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Objective: Accurate assessment of renal fibrosis is critical for managing chronic kidney disease (CKD). This study aimed to develop 
a multi-modality ultrasound-based model that integrates radiomics signatures derived from grayscale ultrasound and color Doppler 
ultrasound, along with shear wave elastography (SWE) measurements, to assess the severity of renal fibrosis in CKD patients.
Methods: A total of 125 CKD patients were enrolled and classified into mild and moderate-to-severe fibrosis groups based on renal 
biopsy. Radiomics features were extracted from grayscale and color Doppler ultrasound images, and key features were identified using 
machine learning algorithms to construct radiomics signatures for each modality. SWE measurements were used to assess renal 
stiffness. A multi-modality ultrasound model was constructed using logistic regression, combining the dual-modality radiomics 
signatures with SWE data. Model performance was evaluated using receiver operating characteristic (ROC) curves, five-fold cross- 
validation, calibration, and decision curve analysis (DCA).
Results: Individual modalities for SWE, grayscale ultrasound radiomics, and color Doppler ultrasound radiomics showed area under 
the ROC curves (AUCs) of 0.74 (95% CI: 0.65–0.82), 0.79 (95% CI: 0.71–0.87), and 0.70 (95% CI: 0.60–0.79), respectively. The 
multi-modality model, integrating all three modalities, achieved an AUC of 0.88 (95% CI: 0.82–0.94), sensitivity of 0.82 (95% CI: 
0.70–0.91), specificity of 0.84 (95% CI: 0.73–0.92), and accuracy of 0.83 (95% CI: 0.75–0.89). In cross-validation, the model showed 
robust generalizability (AUC: 0.89, 95% CI: 0.74–1.00). The calibration curve showed excellent agreement between predicted and 
observed outcomes, and the DCA curve confirmed the clinical utility of the model. A nomogram based on the multi-modality model 
was developed for individualized risk assessment of moderate-to-severe renal fibrosis.
Conclusion: The multi-modality ultrasound model enhances non-invasive renal fibrosis assessment in CKD patients. By combining 
dual-modality radiomics with SWE measurements, this model offers a promising tool for personalized clinical decision-making and 
better management of CKD progression.
Keywords: chronic kidney disease, renal fibrosis, ultrasound, shear wave elastography

Introduction
Chronic kidney disease (CKD) is an escalating global health issue, affecting over 800 million individuals worldwide— 
more than 10% of the global population.1,2 The morbidity of CKD is steadily increasing, with projections indicating it 
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will become the fifth leading cause of death globally by 2040.3 Renal fibrosis, a key pathological hallmark of CKD, is 
characterized by the progressive deposition of extracellular matrix components, leading to renal scarring and functional 
decline.4,5 As a critical driver of disease progression, renal fibrosis significantly contributes to poor clinical outcomes, 
including the deterioration of kidney function and eventual progression to end-stage renal disease.6 Given its pivotal role 
in advancing CKD, accurate and timely assessment of renal fibrosis is essential for monitoring disease progression and 
guiding clinical decision-making.

Ultrasound is widely used as the first-line imaging modality for kidney evaluation due to its non-invasive nature, cost- 
effectiveness, and lack of ionizing radiation.7 While conventional ultrasound can detect gross structural changes and 
assess renal hemodynamics, it is limited in evaluating the extent of fibrosis, especially in the early stages of the disease, 
when fibrosis may not yet cause significant structural damage or changes in renal blood flow and perfusion. Shear wave 
elastography (SWE) has emerged as a promising non-invasive modality for assessing tissue stiffness, including in renal 
tissues.8 This technique applies an acoustic radiation force impulse (ARFI) to the tissue, generating shear waves that 
propagate through the medium. The velocity at which these waves travel is directly proportional to tissue stiffness, and 
the resulting data can be used to generate a color-coded elastogram reflecting the mechanical properties of the tissue. 
SWE has demonstrated considerable potential in evaluating fibrosis in various organs, such as the liver, and has recently 
been investigated for renal fibrosis.9,10 By quantifying kidney stiffness, SWE provides valuable insights into fibrosis, 
which may not be detectable with conventional imaging techniques.

In recent years, radiomics has emerged as an innovative approach in medical imaging, enabling the extraction of large 
volumes of quantitative features from medical images that are not visible to the naked eye.11,12 This technique uses 
advanced machine learning algorithms to analyze medical images and extract a wide range of radiomics features, such as 
texture, shape, and statistical properties, which can characterize tissue heterogeneity. Radiomics has shown significant 
promise in diagnosing, prognosticating, and planning treatment for various diseases.13–15 However, its application in 
assessing renal fibrosis in CKD patients remains relatively underexplored. Our research team has previously developed 
a radiomics-based model using grayscale ultrasound images to evaluate the severity of renal fibrosis in CKD patients.16 

This model demonstrated promising potential for non-invasive fibrosis assessment, although it was limited to grayscale 
imaging, which offers relatively limited diagnostic information.

Recent studies have highlighted the potential of integrating multiple ultrasound modalities to enhance diagnostic 
accuracy.17,18 Color Doppler ultrasound, which provides valuable insights into blood flow and tissue perfusion, can offer 
complementary information to enrich other imaging features. However, most existing approaches extract radiomic 
features from composite color Doppler images without considering the distinct contributions of the red, green, and 
blue (RGB) channels.19,20 This may overlook subtle variations in blood flow patterns that could be critical for fibrosis 
assessment. Additionally, while SWE has been increasingly used to quantify tissue stiffness, prior attempts to apply 
radiomics to SWE images have faced challenges due to the inherent variability in elastogram acquisition and interpreta
tion, particularly in regions such as the renal poles and medulla.21,22 In contrast, direct SWE-derived quantitative 
elasticity measurements from the renal cortex—where stiffness assessment is most reliable—may provide more con
sistent and clinically meaningful data.23

Thus, in this study, we aim to develop an integrated model that combines radiomics signatures derived from both 
grayscale and color Doppler ultrasound images—with features extracted separately from the RGB channels to optimize 
hemodynamic characterization—along with direct SWE elasticity measurements for renal fibrosis assessment in CKD 
patients. By leveraging these methodological refinements, we seek to construct a robust diagnostic tool that enhances the 
accuracy of fibrosis assessment and enables more effective monitoring of disease progression.

Materials and Methods
Ethical Statement
This study was approved by the Ethics Committee of our institution and conducted in accordance with the Declaration of 
Helsinki. All participants provided written informed consent prior to inclusion.
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Study Population
This single-center, prospective, cross-sectional study was conducted between April 2019 and June 2022. Patients with 
CKD who underwent renal ultrasound examination and kidney biopsy at our institution were consecutively enrolled. 
Inclusion criteria were: (1) diagnosis of CKD according to the Kidney Disease Improving Global Outcomes (KDIGO) 
2012 guidelines; (2) availability of pre-biopsy renal ultrasound images, including grayscale ultrasound, color Doppler 
ultrasound, and SWE; and (3) availability of renal biopsy specimens for fibrosis evaluation. Exclusion criteria included: 
(1) presence of conditions such as polycystic kidney disease, hydronephrosis, renal masses, or calculi that could interfere 
with image acquisition; (2) poor quality ultrasound images precluding accurate analysis; and (3) insufficient biopsy 
specimens that could not be evaluated for renal fibrosis.

The study workflow is presented in Figure 1.

Ultrasound Examination and Renal Biopsy
Ultrasound examinations were performed using the Aixplorer Ultrasound Imaging System (SuperSonic Imagine, Aix-en- 
Provence, France), equipped with a linear array transducer (SL15-4, 4–15 MHz). All procedures were conducted 
independently by an experienced radiologist. Grayscale and color Doppler ultrasonography were first employed to assess 
renal structure and blood flow. Longitudinal kidney images were obtained in both grayscale and color Doppler modes for 
subsequent radiomics analysis. SWE was then used to assess the elasticity of the renal cortex in the mid-portion of the 
kidney, with the maximum elasticity value (Emax) recorded, as it is known to have optimal diagnostic performance for 
evaluating different degrees of renal fibrosis.10

Ultrasound-guided renal biopsy was performed on the lower pole of the kidney to obtain tissue samples for semi- 
quantitative renal fibrosis assessment.10 For analysis, the moderate and severe renal fibrosis groups were combined into 
a single moderate-to-severe group and compared with the mild fibrosis group.

Figure 1 Workflow of the multi-modality ultrasound model. Radiomics features were extracted separately from grayscale and color Doppler ultrasound images (with RGB 
channels processed individually) to generate modality-specific radiomics signatures. These dual-modality radiomics signatures were then integrated with quantitative 
elasticity data from shear wave elastography to construct the final model.
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Radiomics Feature Extraction, Selection, and Model Construction
Radiomics features were extracted from grayscale and color Doppler ultrasound images using the open-source Python 
package Pyradiomics. The region of interest (ROI) was manually delineated by a radiologist with six years of experience 
in ultrasound radiomics, covering the renal cortex on grayscale images and the blood flow signal areas on color Doppler 
images. From grayscale images, radiomics features included first-order statistical measures as well as texture-based 
features. From color Doppler images, radiomics features were extracted separately from each of the RGB channels to 
capture variations in pixel intensity and texture across the color spectrum. Both the original and filtered images (via 
Laplacian of Gaussian filters and wavelet transformations) were processed to enhance feature diversity.

A four-step strategy was employed for feature dimensionality reduction and selection. First, low-variance features 
were discarded, as they provided minimal discriminative value. Next, highly correlated features (Spearman correlation 
coefficient > 0.9) were removed to reduce redundancy. The remaining features were refined using the Minimum 
Redundancy Maximum Relevance (mRMR) algorithm, selecting the top 50 features with high relevance to the outcome 
while minimizing redundancy. Finally, Least Absolute Shrinkage and Selection Operator (Lasso) regression was applied 
to further narrow the feature set, retaining the most relevant features for analysis.

Separate radiomics signatures were constructed for the grayscale ultrasound and color Doppler ultrasound images 
using the selected radiomics features. These signatures, along with the SWE value, were then used to construct a multi- 
modality ultrasound model, which was built using a logistic regression algorithm.

In addition, we evaluated the consistency of the extracted key radiomics features. The radiologist randomly selected 
ultrasound images from 30 cases and performed a repeatability analysis one week later to assess intra-observer 
consistency. Additionally, another radiologist with five years of experience in radiomics analysis conducted the same 
analysis on the selected cases to evaluate inter-observer consistency.

Model Evaluation
The diagnostic performance of the radiomics signatures, SWE imaging, and the multi-modality ultrasound model was 
evaluated using receiver operating characteristic (ROC) curves. Sensitivity, specificity, and accuracy were calculated to 
assess the diagnostic performance. To validate the constructed models, five-fold cross-validation was employed. In five- 
fold cross-validation, the dataset was randomly divided into five subsets. The model was trained on four subsets and 
tested on the remaining subset. This process was repeated five times to ensure each subset served as a test set once, 
promoting a more generalized evaluation of the model’s performance.

Additionally, a calibration curve was constructed to assess the predictive accuracy of the model by comparing 
predicted probabilities with observed outcomes. Decision curve analysis (DCA) was employed to evaluate the clinical 
benefit of the model by considering net benefits at various threshold probabilities for decision-making.

A nomogram was developed based on the multi-modality ultrasound model to visually represent predictions. The 
nomogram incorporates radiomics signatures from grayscale ultrasound, color Doppler ultrasound, and the SWE value, 
facilitating individualized risk assessment. The total score derived from the model was used to estimate the probability of 
moderate-to-severe renal fibrosis, offering a user-friendly tool for clinical decision-making.

Statistical Analysis
Statistical analyses were performed using Python version 3.11.4 and R software version 4.4.0. Categorical variables were 
presented as counts (percentages), while continuous variables were expressed as means ± standard deviations (SD) or 
medians with interquartile ranges (IQRs) depending on data distribution. A two-sided P value of < 0.05 was considered 
statistically significant.

Results
Study Population
A total of 125 patients with CKD were enrolled in this study. Among them, 64 patients were classified as having mild 
fibrosis, while 61 patients were classified with moderate-to-severe fibrosis. The mean age of the mild fibrosis group was 
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33.30 ± 12.79 years, while the mean age of the moderate-to-severe fibrosis group was 44.89 ± 14.84 years. The baseline 
characteristics of the study population are summarized in Table 1.

Radiomics Feature Extraction and Selection
A total of 651 radiomics features were extracted from grayscale ultrasound images. Similarly, 651 radiomics features 
were extracted separately from the R, G, and B channels of color Doppler ultrasound images, resulting in a total of 1953 
features. Using a four-step strategy, four significant radiomics features were identified from grayscale ultrasound images, 
while six significant radiomics features were selected from color Doppler ultrasound images (Table S1). These features 
were then linearly combined based on their coefficients to construct the grayscale ultrasound radiomics signature and 
color Doppler ultrasound radiomics signature, respectively. Additionally, consistency analysis demonstrated favorable 
reproducibility of the extracted key radiomics features, with an intraclass correlation coefficient greater than 0.80.

Diagnostic Performance of Shear Wave Elastography and Radiomics Signatures
SWE demonstrated moderate diagnostic performance, with an AUC of 0.74 (95% CI: 0.65–0.82). The sensitivity was 
0.79 (95% CI: 0.66–0.88), specificity was 0.61 (95% CI: 0.48–0.73), and accuracy was 0.70 (95% CI: 0.61–0.78). 
Grayscale ultrasound radiomics signature showed a higher AUC of 0.79 (95% CI: 0.71–0.87), with sensitivity of 0.57 
(95% CI: 0.44–0.70), specificity of 0.88 (95% CI: 0.77–0.94), and accuracy of 0.73 (95% CI: 0.64–0.80). In contrast, 
color Doppler ultrasound radiomics signature had an AUC of 0.70 (95% CI: 0.60–0.79), with sensitivity of 0.66 (95% CI: 
0.52–0.77), specificity of 0.69 (95% CI: 0.56–0.80), and accuracy of 0.67 (95% CI: 0.58–0.75) (Table 2).

Diagnostic Performance of the Constructed Multi-Modality Model
The multi-modality model, integrating radiomics signatures from both grayscale and color Doppler ultrasound along with 
SWE measurements, outperformed individual modalities in terms of diagnostic performance (Table 3). This model 
achieved an AUC of 0.88 (95% CI: 0.82–0.94), sensitivity of 0.82 (95% CI: 0.70–0.91), specificity of 0.84 (95% CI: 

Table 1 Baseline Characteristics of Study Cohort

Characteristic Mild Fibrosis 
(n = 64)

Moderate-to-Severe  
Fibrosis (n = 61)

Age (years) 33.30 ± 12.79 44.89 ± 14.84

Gender  

Male  
Female

36 (56.25) 

28 (43.75)

34 (55.74) 

27 (44.26)

SWE (kPa) 39.36 ± 9.77 30.61 ± 9.03

Radiomics_grayscale −0.18 (−0.37–0.04) 0.11 (−0.08–0.23)
Radiomics_colordoppler −0.19 (−0.35–0.03) 0.01 (−0.20–0.29)

Notes: Categorical variables are presented as n (%) and continuous variables as mean 
±standard deviation or median (interquartile range). Radiomics_grayscale = radiomics 
features extracted from grayscale ultrasound images; Radiomics_colordoppler = radiomics 
features extracted from color Doppler ultrasound images. 
Abbreviation: SWE, shear wave elastography.

Table 2 Diagnostic Performance of Shear Wave Elastography and Radiomics Signatures

Index Sensitivity (95% CI) Specificity (95% CI) Accuracy (95% CI) AUC (95% CI)

SWE 0.79 (0.66–0.88) 0.61 (0.48–0.73) 0.70 (0.61–0.78) 0.74 (0.65–0.82)
Radiomics_grayscale 0.57 (0.44–0.70) 0.88 (0.77–0.94) 0.73 (0.64–0.80) 0.79 (0.71–0.87)

Radiomics_colordoppler 0.66 (0.52–0.77) 0.69 (0.56–0.80) 0.67(0.58–0.75) 0.70 (0.60–0.79)

Notes: Radiomics_grayscale = radiomics features extracted from grayscale ultrasound images; Radiomics_colordoppler = radiomics features 
extracted from color Doppler ultrasound images. 
Abbreviations: SWE, shear wave elastography; AUC, area under the curve; CI, confidence interval.
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0.73–0.92), and accuracy of 0.83 (95% CI: 0.75–0.89) (Figures 2 and 3). In the five-fold cross-validation, the model 
demonstrated robust performance, with sensitivity of 0.77 (95% CI: 0.63–0.91), specificity of 0.80 (95% CI: 0.71–0.89), 
and an AUC of 0.89 (95% CI: 0.74–1.00), further confirming its generalizability (Figure 4).

In addition, we constructed a baseline model including age and SWE for comparison. This baseline model achieved 
an AUC of 0.83 (95% CI: 0.76–0.90). Compared with this baseline, the multi-modality model demonstrated higher 
discrimination. Importantly, reclassification analyses showed that the multi-modality model significantly improved 
patient-level risk assessment, with a continuous net reclassification improvement (NRI) of 65.5% (95% CI: 32.4%– 
98.7%, P < 0.001) and an integrated discrimination improvement (IDI) of 12.4% (95% CI: 3.0%–21.8%, P = 0.010), 
indicating that the inclusion of radiomics signatures provided meaningful incremental value.

To further illustrate the contribution of individual variables, a feature importance analysis was performed. As shown 
in Figure 5, the grayscale radiomics signature contributed most substantially to the final model, followed by SWE and the 
color Doppler radiomics signature.

Table 3 Diagnostic Performance of the Constructed Multi-Modality Model

Index Sensitivity (95% CI) Specificity (95% CI) Accuracy (95% CI) AUC (95% CI)

Multi-modality model 0.82 (0.70–0.91) 0.84 (0.73–0.92) 0.83 (0.75–0.89) 0.88 (0.82–0.94)
5-folds cross-validation 0.77 (0.63–0.91) 0.80 (0.71–0.89) 0.78 (0.74–0.82) 0.89 (0.74–1.00)

Abbreviations: AUC, area under the curve; CI, confidence interval.

Figure 2 ROC curve for the constructed multi-modality ultrasound model.
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The diagnostic performance of the multi-modality model was validated using a calibration curve (Figure 6), which 
demonstrated good agreement between predicted probabilities and observed outcomes (Hosmer-Lemeshow test: P = 
0.625). DCA curve (Figure 7) illustrated that the multi-modality model provided a significant net benefit across a range 
of threshold probabilities, supporting its clinical utility. A nomogram based on the multi-modality model was developed 

Figure 3 Confusion matrix for the constructed multi-modality ultrasound model.

Figure 4 ROC curves of the five-fold cross-validation for the constructed multi-modality ultrasound model.
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as a practical tool for individualized risk assessment, enabling clinicians to estimate the likelihood of moderate-to-severe 
renal fibrosis in CKD patients (Figure 8). This nomogram integrates radiomics signatures from grayscale ultrasound, 
color Doppler ultrasound, and SWE values, offering a user-friendly, evidence-based approach to support clinical 
decision-making and personalized treatment strategies.

Discussion
In this study, we proposed a multi-modality ultrasound model for assessing renal fibrosis in CKD patients. By integrating 
radiomics signatures from both grayscale and channel-separated color Doppler ultrasound images with SWE measure
ments, our model demonstrated significant clinical value and outperformed individual imaging modalities in diagnostic 
performance. These findings suggest that combining dual-modality ultrasound radiomics with SWE data enables a more 
comprehensive and reliable approach to renal fibrosis assessment, which is crucial for timely and accurate diagnosis in 
CKD patients.

Radiomics, when integrated with machine learning techniques, involves extracting high-throughput features from 
medical images to quantify the inherent heterogeneity of diseases, enabling a more detailed exploration of their 
manifestations.24 While radiomics has shown promise in ultrasound-based renal disease analysis, previous approaches 
have faced limitations in fully capturing disease-specific signatures. For instance, Qin et al developed a dual-modality 
model based on grayscale ultrasound and color Doppler ultrasound radiomics analysis to classify the severity of renal 
fibrosis in CKD patients.25 Although their work established the value of multi-parametric analysis, the color Doppler 
component treated the composite image as a single dataset, potentially diluting critical hemodynamic information 
encoded in individual color channels. Zhu et al emphasized that separate processing of the R, G, and B channels in 
color Doppler images preserved directional flow signatures critical for microvascular assessment26—a finding that 
directly informed our methodological approach. Notably, color Doppler images are a form of pseudo-color representation 
that encode hemodynamic information, with flow direction represented by color (blue for flow away from the transducer 
and red for flow toward it), mean velocity indicated by brightness, and turbulence or variance reflected in a third color 
(often green).27 Conventional radiomics approaches that extract features directly from composite images may conflate 
these distinct hemodynamic properties. By analyzing R, G, and B channels separately, our method retains the biophysical 

Figure 5 Relative importance of variables in the multi-modality ultrasound model. The grayscale radiomics signature contributed most substantially to the model, followed 
by SWE and the color Doppler radiomics signature.
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meaning of different flow patterns—particularly crucial for detecting fibrotic microvascular remodeling characterized by 
subtle perfusion changes. This channel-specific approach minimized information loss from color mapping and allowed 
our model to identify subtle flow alterations that would be averaged out in traditional analyses.

In the present study, we opted not to extract radiomics features from elastography images due to fundamental 
technical constraints inherent to renal SWE imaging. The accuracy of elastography is influenced by several factors, 
particularly the interaction between ARFI, orientation of the target tissue, and the shear wave propagation direction.28 

Variability can arise when the angle between ARFI and the shear wave propagation deviates from the optimal direction, 
leading to measurement inaccuracies. This issue is particularly pronounced in regions such as the renal poles and 
medulla, where tissue orientation and the angle of the ultrasound beam can induce significant anisotropy.29–31 While 
elastograms provide valuable visual representations of tissue stiffness, their use for radiomics analysis inherently 
incorporates these problematic anisotropic regions. This methodological limitation is especially consequential in renal 
applications, where prior studies have established that reliable stiffness assessment requires strict adherence to standar
dized measurement protocols.23,32 Given these technical constraints, direct elastography measurements demonstrate 
superior clinical utility for renal fibrosis assessment by enabling targeted stiffness quantification in optimal measurement 
regions while excluding anisotropic areas. This approach yields more robust and reproducible biomechanical biomarkers 
compared to radiomics features derived from elastography images, as the latter require analysis across larger image areas 
where anisotropic regions cannot be reliably excluded, thereby introducing significant confounding variables.

The synergy between these modalities is particularly noteworthy. The grayscale radiomics signature primarily reflects 
textural heterogeneity associated with extracellular matrix deposition, while the Doppler channel-separated features 
provide complementary information about microvascular architecture. SWE measurements then add a biomechanical 
dimension by quantifying tissue stiffness—a direct correlate of fibrotic burden. This multi-parametric approach mirrors 

Figure 6 Calibration plot for the constructed multi-modality ultrasound model.
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the complex pathophysiology of renal fibrosis, where structural, vascular, and mechanical changes occur concurrently but 
may not be equally detectable by any single modality. Such biological plausibility strengthens the clinical translatability 
of our model. Beyond ultrasound-based approaches, other imaging modalities have also been investigated for renal 
fibrosis assessment. Magnetic resonance elastography (MRE), for example, has demonstrated high diagnostic accuracy 
for assessing tissue stiffness and has been applied in both hepatic and renal fibrosis research.33 However, the requirement 
for specialized equipment, longer acquisition times, higher costs, and limited availability constrain its widespread use in 
routine CKD management. In contrast, our multi-modality ultrasound model combines grayscale and color Doppler 
radiomics with SWE to provide a more accessible, cost-effective, and bedside-applicable tool. In addition, the nomogram 
derived from the multi-modality model provides a practical tool for individualized risk estimation in clinical practice. For 
instance, if the nomogram indicates an 85% probability of moderate-to-severe fibrosis, clinicians may be more inclined to 
recommend renal biopsy or initiate closer follow-up, whereas a low estimated probability (eg, 10%) could support a more 
conservative monitoring strategy. In this way, the nomogram may aid patient risk stratification and guide decision- 
making, thereby bridging the gap between quantitative imaging biomarkers and personalized CKD management.

While this study achieved promising results, there are several limitations. First, this was a single-center study, which 
may limit the generalizability of our findings across different patient populations and ultrasound platforms, as variations 
in demographics, disease spectrum, and equipment may influence model performance. Second, the sample size is 
relatively small for machine learning–based analysis. Nevertheless, our model included only three variables, and the 
events-per-variable (EPV) was approximately 20, which is well above the commonly recommended threshold of 10.34 

This suggests that the sample size was statistically adequate to support the model construction. Future research should 
validate the robustness and applicability of the model using multi-center, large-scale datasets that encompass diverse 
populations and ultrasound systems to enhance its external validity. Third, the extraction of radiomics features in this 

Figure 7 Decision curve analysis for the constructed multi-modality ultrasound model.
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study involved manual processing, which is prone to human bias and inconsistencies. The integration of automated or 
semi-automated feature extraction methods could minimize these biases and improve the reproducibility and scalability 
of the model. Finally, although the multimodal approach demonstrated high performance in the study, its real-world 
clinical application remains to be fully tested. The model’s performance should be further evaluated across various 
ultrasound platforms, by different operators, and under diverse clinical conditions to ensure its widespread applicability 
and reliability in different healthcare settings. In addition, future research should explore whether these radiomics and 
elastography-derived features have prognostic value, such as predicting the rate of renal function decline over time, 
thereby extending the model’s clinical utility from diagnosis to long-term patient management.

Conclusions
In conclusion, this study demonstrates that a multi-modality ultrasound model, integrating radiomics signatures from both 
grayscale and channel-separated color Doppler ultrasound with SWE measurements, can provide a more accurate, non- 
invasive method for assessing renal fibrosis in CKD patients. The model shows promise for improving CKD management by 
facilitating timely and more accurate diagnosis, better monitoring of disease progression, and may potentially aid in patient 
risk stratification to guide clinical decisions, such as the timing of biopsy. Future work should focus on external validation, 
model refinement, and exploring its clinical applicability in larger and more diverse healthcare settings.

Data Sharing Statement
The data presented in this study are available on reasonable request from the corresponding author. The data are not 
publicly available due to ethical concerns regarding privacy.

Figure 8 Nomogram for the constructed multi-modality ultrasound model.
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