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Purpose: To assess the crescentic status of IgA nephropathy (IgAN) non-invasively using a superb microvascular imaging (SMI)-
based radiomics machine learning (ML) model.

Patients and Methods: IgAN patients who underwent renal biopsy from June 2022 to October 2023, with two-dimensional
ultrasound (US) and SMI examinations conducted one day prior to the renal biopsy. The patients selected were divided randomly
into a training group and a test group in a 7:3 ratio. Radiomic features were extracted from US and SMI images, then radiomic features
were constructed and ML models were further established using logistic regression (LR) and extreme gradient boosting (XGBoost)
XGBoost to determine the crescentic status. The utility of the proposed model was evaluated using receiver operating characteristics,
calibration, and decision curve analysis. The SHapley Additive exPlanations (SHAP) was utilized to explain the best-performing ML
model.

Results: A total of 147 IgAN patients were included in the study, with 103 in the training group and 44 in the test group .Among
them, the US-SMI based XGBoost model achieved the best results, with an the area under the curve (AUC) of 0.839 (95% CL,0.756—
0.910) and an accuracy of 78.6% in the training group.In the test group, the AUC was 0.859 (95% CI,0.721-0.964), and the accuracy
was 81.8%, significantly surpassing the ML model of a single modality and the clinical model established based on occult blood.
Additionally, the decision curve analysis (DCA) demonstrated that the XGBoost model provided a higher overall net benefit in the
both groups.

Conclusion: The SMI radiomics ML model has the capability to accurately predict the crescentic status of IgAN patients, providing
effective assistance for clinical treatment decisions.
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Introduction

IgA nephropathy (IgAN) is recognized as the most common primary glomerulonephritis worldwide, especially in Asia.'~
It is characterized by the deposition of IgA in the mesangial area of glomeruli, with the risk of end-stage renal disease
(ESRD) ranging from 5% to 60% within 10 years.> Pathological results are often required to guide the determination of
appropriate treatment methods aims at preventing the progression. While various pathological classification systems for
IgAN exist, the Oxford classification of IgAN is widely acknowledged.*> In 2016, the crescent were incorporated into
the updated Oxford classification of IgAN, which states that a score of C1 identifies patients who are at an increased risk
of poor outcomes without immunosuppression,” the crescent are defined as two or more layers of proliferating cells in

Bowman’s space, serving as a and are a hallmark of inflammatory active glomerulonephritis and a histologic marker of
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severe glomerular injury.® From an immunological perspective, complement activation may be involved in the formation
of crescents and disease activity, and crescents may be a pathological manifestation of immune activity in IgAN
patients.” Crescent formation occurs in about 20-50% of IgAN patients.® The crescent, as an independent predictive
risk factor for IgAN progression, may undergo changes over time.”'' Meanwhile, the value of crescents as a progression
marker benefiting from immunosuppressive methods.'*> Therefore, non-invasive understanding of the crescent state of
IgAN patients can effectively guide clinical treatment plans. Currently, renal biopsy is the sole means to obtain the
crescentic status of IgAN patients. However, as an invasive procedure, renal biopsy may give rise to complications such
as bleeding, fistula, and even death.'>'* Some patients harbor fear and resistance towards renal biopsy, and despite the
evolving pathological characteristics, repeating renal biopsy pose challenges.'

In the past decade, the application of machine learning (ML) in the medical field has experienced explosive
growth.'®'” ML aims to solve tasks by learning patterns from data rather than using manually encoded rules. The
advancements in computer vision ML have been applied to medical imaging and have shown great potential in quickly
and accurately analyzing various imaging patterns in clinical settings. Radiomics involves the conversion of medical
images into exploitable high-throughput quantitative features,'®'? assessing the heterogeneity of lesions by utilizing
information related to their phenotype, such as shape, intensity, wavelet, texture, and other features. Recently, it has been
found in multiple studies that ultrasound radiomics can effectively identify biomarkers for subclinical changes in the
kidneys based on ultrasound images.”**' In our previous research, radiomics features were extracted from two-
dimensional ultrasound (US) images of the kidneys, and an ML model was established to predict the crescent state of
IgAN. A result of an AUC of 82.2 was obtained in the test group.?' However, the diagnostic value provided by a single
modality is often limited. Therefore, a radiomics ML model was established based on superb microvascular imaging
(SMI) imaging in an attempt to detect the crescent state of IgAN non-invasively.

Materials and Methods
This retrospective cohort study complied with the Declaration of Helsinki, Our research was reviewed and approved by
the Ethics Committee of Nanchong Central Hospital (Approval number: 2022(NO091)). As the data used for this
research were anonymized, removing all personal identifiers, the requirement for written informed consent was waived.
From May 2022 to October 2023,147 IgAN patients who underwent renal biopsy were prospectively collected. The
patient underwent ultrasound examination one day before renal biopsy. The inclusion criteria were as follows: 1. Optical
microscope specimens with more than 10 glomeruli; 2. Over 18 years old; 3. The distance between the kidneys and the
skin is less than Scm. The exclusion criteria were: 1. The patients who could not cooperate with breath hold instructions;
2. Presence of acute kidney injury, heart valve disease, or heart failure; 3. Urinary tract obstruction; 4. Kidney cysts or
tumors; 5. Doppler mode indicating renal artery stenosis.”” Furthermore, the patients were randomly divided into
a training group and a test group in a 7:3 ratio. The research flowchart is shown in Figure 1.

Previous studies have found that microscopic hematuria indicates active renal inflammation and could serve as a substitute
biomarker for crescents.?'>* Therefore, a clinical prediction model was established based on microscopic hematuria.

Renal Pathology

Renal biopsy was performed within one day after renal ultrasound measurement. The pathological variables of I[gAN
were scored according to the Oxford Classification MEST-C standard, which includes increased mesangial cells,
increased intracellular count in capillaries, segmental glomerulosclerosis, tubular atrophy/interstitial fibrosis, and crescent
shaped glomerular degeneration. Cellular or fibrocellular crescents were assessed based on the percentage of glomeruli
with them:C0 indicating absence, C1 indicating 0-25% of glomeruli, and C2 indicating >25% of glomeruli.** Due to
a limited number of samples, C1 and C2 cases were combined into one group.

Ultrasound Image Collection

The US and SMI images were collected by three experienced radiologists (with 6.10 and 16 years of experience in renal
ultrasound examination) using the ultrasound diagnostic instrument (Canon Medical Systems, Otawara, Japan Aplio
700), equipped with a 3.5MHz convex array probe (i8C1).
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Figure | Patient flowchart.

The patient fasted for more than 8 hours before undergoing ultrasound examination. During the ultrasound examina-
tion, the patient was instructed to hold breath at the end of inhalation. The ultrasound probe was gently positioned on the
lateral abdomen in an oblique projection manner, positioning it on the posterior axillary line. Once the maximum
longitudinal section of the kidney was obtained, the settings on the ultrasound diagnostic device were switched to SMI
mode. The SMI specific area of interest box was placed throughout the entire kidney, instructing the patient to hold their
breath to obtain the optimal blood flow section of the kidney. The mechanical index was 1.6, the frame rate was 25-35
frames/s, the dynamic range was 65—75 dB, and the SMI speed was 3.5 cm/s.

Image Segmentation

All ultrasound images of patients were directly exported and stored in DICOM format from the ultrasound diagnostic
instrument. Firstly,the target kidney US and SMI were imported into ITK-SNAP (version 3.8.0), http://www.itksnap.org/
pmwiki/pmwiki.php?n=Downloads.SNAP3), with target renal cortex labeled as region of interest(ROI). Figure 2 showed
the workflow of an SMI-based ultrasound radiomics model. Ultrasound images from 50 patients were randomly selected,
and ROI segmentation was performed by two radiologists (radiologist 1, with 9 years of experience in abdominal
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Figure 2 The ultrasound radiomics flow chart of the study.

ultrasound, and radiologist 2,with 7 years of experience in abdominal ultrasound), who were unaware of crescent results.
Intra-group and inter-group correlation coefficients(ICC) were used to evaluate the inter-group consistency of features.
Two weeks later, radiologist 1 repeated the same steps to evaluate the intra-group consistency of feature extraction. An
ICC value of >0.75 indicated good consistency in the extracted features, and features with an ICC<0.75 were excluded
from subsequent analysis. Then, the remaining image segmentation was performed separately by radiologist 1.

Ultrasound Radiomics Feature Extraction
To reduce data variability and accurately quantify radiomics features, we first standardized the image grayscale to ensure
a consistent grayscale distribution across the image. Subsequently, we implemented image-denoising techniques to
mitigate potential noise interference during the feature extraction process. Furthermore, we resampled the images
using a linear interpolation algorithm to obtain a standardized voxel spacing of 1 x 1 x 1 mm (X,y,z).

Radiomics feature extraction is achieved using Pyradiomics in Python (version 2.2.0,http://www.radiomics.io/pyra

diomics.htm), enabling the extraction of features from ultrasound images through encoding feature algorithms. The filters
utilized include original image, wavelets, squares, square roots, logarithms, exponents, gradients, and local binary pattern
2D and 3D. The types of features extracted encompass a range of statistical and morphological attributes, such as First
Order Statistics, Shape-based features, Gray Level Co-occurrence Matrix, Gray Level Run Length Matrix, Gray Level
Size Zone Matrix, Neighbouring Gray Tone Difference Matrix, and Gray Level Dependence Matrix. The steps for
selecting ultrasound radiomics features were as follows: Firstly, features with ICC>0.75 were retained in the training
group. Secondly, single-factor rank sum test was employed to screen out statistically significant differences in features
between the CO and C1/2 group in the training group. Subsequently, Spearman correlation analysis was performed on the
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remaining radiomics features to eliminate redundant features with correlation coefficients>0.90. Fourthly, the Elastic-
network regression algorithm was applied to the radiomics features to select the most valuable ones’.

Establishment of Machine Learning Models

Two ML algorithms were trained based on the results of radiomics feature selection, including logistic regression(LR) and
extreme gradient boosting(XGBoost). They were adjusted using the grid search method and ten-fold cross-validation in the
training group, respectively. In each loop, the hyperparameters with the best AUC in the training group were retained.

The Interpretability of the Model

SHAP was utilized to visualize the importance of features in the best performing ML model.*® Firstly, the SHAP
Feedback graph was employed to provide a global explanation of the model, demonstrating the importance of all
features. SHAP values for each sample were plotted, with the y-axis representing each feature and the x-axis representing
the SHAP values. SHAP values measure the contribution of each feature to the model’s predictions. Positive values
indicated positive correlation, while negative values indicate negative correlation. Each dot represents the SHAP values
of a single sample, with the color of the dots representing the size of the feature values. Subsequently, SHAP was
employed to display the SHAP values of individual samples, aiding in understanding how each feature affects the output
of a single model and achieving visual interpretation of individual samples. The number above the graph represented the
output value of the model, and the number below the arrow in the graph represents the characteristic value of the patient.
High predicted features are represented in red, while low predicted features are represented in blue. The longer the arrow,
the greater the impact of the features on the output. The increase or decrease in the influence of the features could be
observed through the scale value on the x-axis.

Statistical Analysis

All statistical analyses were conducted using SPSS 26.0 (IBM Corp., Armonk, NY, USA) and Python 2.7 (Python
Software Foundation, Beaverton, OR, USA). Quantitative data with a normal distribution was represented as mean
+standard deviation, and analyzed using independent samples #-test, while non-normally distributed quantitative data was
represented as media interquartile range, and the Mann—Whitney U-test was used. Meanwhile, categorical variables were
represented in numbers and percentages and analyzed using the chi-square test or Fisher’s exact test. A P<0.05 was
considered statistically significant. To compare the predictive performance of ML models in the training and test groups
for detecting crescentic bodies in IgAN patients, the receiver operating characteristic (ROC) curves were constructed, and
their area under the curve (AUC) values were calculated. The cut-off values obtained from the ROC curves were utilized
to divide the data between the training and test groups, and calculated the accuracy, specificity, sensitivity, negative
predictive value (NPV), and Positive predictive value (PPV) for detecting crescentic.

Results

The study included 147 IgAN patients for renal biopsy, comprising 71 males and 76 females, aged 39.3+11.6 (range 18—
71 years), 81 patients with CO, and 66 patients with C1/2. In the training group, which consisted of 103 patients, there
were 46 males and 57 females, aged 39.7+11.5 (range 18—70 years), with 57 patients having CO and 46 patients having
C1/2. The test group comprised 44 patients, including 25 males and 19 females, aged 38.5+11.9 (range 18—71 years),
with 24 patients having CO and 20 patients having C1/2.The clinical characteristics of IgAN patients are shown in
Table 1.

Diagnostic Performance of ML Models Based on US Radiomics

A total of 873 ultrasound radiomics features were extracted from ultrasound images. After ICC analysis, significant differences in
692 ultrasound radiomics features were identified between the two groups. Single factor and Spearman correlation analysis were
conducted on radiomics features, resulting in the identification of 13 relevant features. Finally, an Elastic-logistic analysis was
performed to generate the 10 most valuable ultrasound radiomics features (logs)(A) = - 3.429,0=0.3).

Journal of Inflammation Research 2024:17 hetps: 5947

Dove:


https://www.dovepress.com
https://www.dovepress.com

Tang et al Dove

Table | Clinical Factors in the Training and Testing Group

Training group | Testing group
Sex (male/female) 46/57 57/66
Age (years) 39.7%11.5 38.5%11.9
Creatinine (umol/L) 98.9+39.8 93.2+31.5
eGFR (mL/min/1.73m?) 84.8+30.1 88.6+32.4
Occult hematuria (-/+/++/+++) | 19/10/12/62 2/9/10/23
24-hour proteinuria (g/24h) 1.5+2.26 1.2+1.4
Renal length (mm) 104.1+8.5 103.9+7.6
Renal cortical thickness (mm) 7.5%1.2 78%1.4
Renal artery resistance index 0.67+0.06 0.67+0.05
M(0/1) 0/103 0/44
E(0/1) 54/49 25/19
S (0/1) 36/67 17/27
T (0/1/2) 60/40/3 29/11/4
Crescents (0/1/2) 57/45/1 24/20/0

Table 2 Performance of Six Radiomics ML Models in the Training and the Testing
Group

Model AUC (95% CI) | ACC | SEN | SPE | PPV | NPV | FI

Training group

US_LR 0.768 0.757 | 0.696 | 0.807 | 0.744 | 0.767 | 0.719
(0.673-0.853)

SMI_LR 0.738 0.709 | 0.717 | 0.702 | 0.66 0.755 | 0.688
(0.632-0.832)

US+SMI_LR 0.789 0.757 | 0.5 0.965 | 0.92 0.705 | 0.648
(0.696-0.874)

US_XGBoost 0.777 0.728 | 0.587 | 0.842 | 0.75 0.716 | 0.659
(0.682-0.860)

SMI_XGBoost 0.757 0.718 | 0.696 | 0.737 | 0.681 | 0.75 0.688
(0.655-0.843)

US+SMI_XGBoost | 0.839 0.786 | 0.739 | 0.825 | 0.773 | 0.797 | 0.756
(0.756-0.910)

Testing group

US_LR 0.637 0.591 | 0.7 0.5 0.538 | 0.667 | 0.609
(0.471-0.807)

SMI_LR 0.600 0.591 | 0.5 0.667 | 0.556 | 0.615 | 0.526
(0.420-0.762)

US+SMI_LR 0.646 0.614 | 035 0.833 | 0.636 | 0.606 | 0.452
(0.465-0.808)

US_XGBoost 0.756 0.682 | 0.55 0.792 | 0.688 | 0.679 | 0611
(0.602-0.891)

SMI_XGBoost 0.765 0.705 | 0.8 0.625 | 0.64 | 0.789 | 0.711
(0.602-0.899)

US+SMI_XGBoost | 0.859 0.8I18 | 0.75 0.875 | 0.833 | 0.808 | 0.789
(0.721-0.964)

Abbreviations: AUC, Area under the curve; ACC, accuracy; SEN, Sensitivity; SPE, Specificity; NPV,
Negative predictive value, PPV, positive predictive value.

Two different ML models were constructed using different algorithms. The diagnostic performance of these ML
models is shown in Table 2. The ROC and the decision curve analysis (DCA) curves of the two models based on the
training and test groups are shown in Figure 3. The XGBoost model exhibited the best performance in assessing the
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Figure 3 The ROC and DCA curves of the six models in the training and test group. (A—C) show the ROC and DCA curves of the six models in the training group.
(B-D) represent the ROC and DCA curves of six models in the test group.

crescent in IgAN patients: the AUC of the training group was 0.777 (95% CI,0.682—0.860), with an accuracy of 72.8%,
sensitivity of 58.7%, specificity of 84.2%, PPV of 75% and NPV of 71.6%. The AUC of the test group was 0.756 (95%
CI,0.602-0.891), with an accuracy of 68.2%, sensitivity of 55%, specificity of 79.2%, PPV of 68.8% and NPV
of 67.9%.

Diagnostic Performance Based on SMI Radiomics ML Model

A total of 873 SMI radiomics features were extracted from US images. After ICC analysis, it was found that there were
significant differences in 633 ultrasound radiomics features between the two groups. After conducting single factor and
Spearman correlation analysis on radiomics features,10 relevant features were obtained. Finally, an Elastic-logistic

analysis was conducted to generate the 9 most valuable ultrasound radiomics features (logs)(A) = - 3.872,0=0.3).
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Two different ML models were constructed using different algorithms. The diagnostic performance of these
ML models is shown in Table 2. The ROC and DCA curves of the two models based on the training and test
groups are shown in Figure 3. The XGBoost model had the best performance in assessing the crescent in IgAN
patients: the AUC of the training group was 0.757 (95% CI1,0.655-0.843), with an accuracy of 71.8%, sensitivity
of 69.6%, specificity of 73.7%, PPV of 68.1% and NPV of 75%. The AUC of the test group was 0.765 (95%
CI1,0.602-0.899), with an accuracy of 70.5%, sensitivity of 80%, specificity of 62.5%, PPV of 64% and NPV
of 78.9%.

Diagnostic Efficiency of Joint Models

The obtained SMI and US features were merged, and an Elastic-logistic analysis was performed on the radiomics
features. Analysis of the remaining 18 radiomics features yielded (log(A) =- 4.809,0=0)(Table 3). In the training
group, the AUC was 0.839 (95% CI1,0.756-0.910), with an accuracy of 78.6%, sensitivity of 73.9%, specificity of
82.5%, PPV of 77.3%, and NPV of 79.7%. Similarly, in the test group, the AUC was 0.859 (95% CIL,0.721-0.964),
with an accuracy of 81.8%, sensitivity of 75%, specificity of 87.5%, PPV of 83.3% and NPV of 80.8% (Table 2 and
Figure 3). Moreover, in both the training and test groups,DCA demonstrated that XGBoost had a higher overall net
profit (Figure 3). The performance of the joint XGBoost model was better than that of LR model and single mode
model.

The Interpretability of Machine Learning Models

A Beeswarm plot was utilized to rank the importance of features (Figure 4), where the top ten important ultrasound
radiomics features were ranked. SMI accounts for 50% (5/10), while US accounted for the remaining 50% (5/10).
Additionally, two patients (patients A and B) were randomly selected to illustrate the individual prediction of the model
using the SHAP plot method. As shown in the figure, the plot generated by SHAP (Figure 5) showed positive values in
red and negative values in blue. The impact of each feature on the model’s classification output can be observed through
the scale values on the X-axis.

Table 3 Coefficients of Selected Features in the US+SMI Radiomics Model

Features Coefficient | OR
SMI_wavelet.LHL_glszm_ZoneEntropy —0.001 | 0.998904
SMI_wavelet.HLH_glrim_GrayLevelVariance —0.00098 0.999023
US_wavelet.HLL_glszm_ZonePercentage —0.00089 0.999113
US_wavelet.LHH_glszm_ZoneEntropy —0.00089 0.999114
US_wavelet.LHH_glszm_ZonePercentage —0.00083 0.99917
US_original_shape_Maximum2DDiameterRow —0.00079 0.999209
US_wavelet.HLL_glrim_ShortRunHighGrayLevelEmphasis —0.00072 0.999283
US_wavelet.HLH_glszm_SmallAreaHighGraylLevelEmphasis —0.0007 0.999298
US_wavelet. HHL _glrim_GrayLevelNonUniformityNormalized —0.00069 0.99931
SMI_wavelet.HLL_firstorder_TotalEnergy —0.00069 0.999312
US_wavelet.LLH_firstorder_Range —0.00066 0.999338
SMI_wavelet. HHH_glszm_GrayLevelNonUniformityNormalized | —0.00062 0.999385
SMI_wavelet.LHL_glszm_ZonePercentage —0.00026 0.999737
SMI_wavelet.LLL_firstorder_RobustMeanAbsoluteDeviation 0.000462 1.000462
SMI_wavelet.LHH_glcm_Correlation 0.000655 1.000655
US_wavelet.HLL_firstorder_Range 0.000891 1.000891
SMI_wavelet.LLL_glrim_ShortRunHighGrayLevelEmphasis 0.000913 1.000914
SMI_wavelet.LLL_glrim_RunLengthNonUniformity 0.000934 1.000934
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Figure 4 The global interpretation of the SHAP Beeswarm diagram. It can be noted that SMI occupies six of the ten features, and US occupies six of the ten features.

Discussion
A meta-analysis involving 3893 IgAN patients revealed a correlation between crescentic bodies and an increase in renal
failure events.”” Recently,Dingxin Di’s study found that even if the proportion of crescents in IgAN patients was only
10% of the glomerulus, it still was an independent risk factor for predicting kidney survival.® Research by Qing Jia’s
suggests that immunosuppressive therapy can decelerate the rate of renal function decline in IgAN patients with C1."
However, renal biopsy currently remains the sole method to assess the crescent state of [gAN patients. As an invasive
diagnostic tool, it imposes physical and emotional distress on patients. Hence, there is an urgent need for a non-invasive
diagnostic approach for determining the crescent state of IgAN patients, which can effectively guide clinical treatment
strategies. In this study, radiomics features were extracted from US-SMI images, and an XGBoost ML model was
established. The non-invasive crescent state detection model in IgAN patients exhibited satisfactory predictions for both
the training and test groups, with AUCs of ROC being 0.839 and 0.859, respectively. The diagnostic performance of
bimodal models surpassed that of unimodal models and clinical models based on hematuria. The results demonstrate the
feasibility of using an SMI-based radiomics ML model to assess the crescent state of IgAN. To the best of our
knowledge, this study represents the first attempt to employ a radiomics ML model using US-SMI images for determine
the crescent state of IgAN. Our model can accurately and non invasively understand the crescent state of IgAN,
providing guidance to clinical doctors on whether to use immunosuppressants.

Previous studies have mostly used clinical parameters to predict the crescent state of IgAN.”® Renal ultrasound is
a routine method for outpatient follow-up of kidney changes, which can detect morphological changes in the kidneys.?’
Qin established an ML model based on renal US images to predict the crescent state of [gAN, and obtained the result of
AUCO0.81 in the test group, which represents the potential crescent biological prediction index of I[gAN patients’ kidneys
and quantifies the heterogeneity within renal tissue. However, the information provided by a single US image is often
limited.>' In recent years, SMI has been widely adopted as a novel non-invasive blood flow imaging mode in clinical
practice. It utilizes filters distinct from color Doppler ultrasound(CDUS) to minimize motion artifacts. Even without the
use of any contrast agents, SMI can enhance the visibility of low-speed blood flow and improve sensitivity to detecting
small vessel signals.>**' Compared with traditional CDUS, SMI can sensitively detect low-speed blood flow and provide
more detailed microvascular information.’® The features perceivable by the human eye from the kidney images are
limited, and many internal details of the image may do unrecognized. Ultrasound radiomics, in contrast, can extract
microscopic features of ROI in medical images, transforming medical images related to pathological and physiological
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Figure 5 Individual prediction of the model using the SHAP plot method. (A).Patient A is CO (B). Patient B is C1/2.

information of lesions into high-dimensional data that can be analyzed.*® In recent years, researchers have explored the
application of ultrasound radiomics in diagnosing kidney disease. LILI ZHU extracted ultrasound radiomics features
from US images to evaluate renal function of transplanted kidneys through various ML methods. The results indicated
that ultrasound radiomics based on US exhibits good discriminative ability for renal function. It is believed that
ultrasound radiomics can detect pathological changes in conventional US images that may not be directly perceptible
to the human eye.>* Ali Abbasian Ardakani’s study demonstrated a significant correlation between ultrasound radiomics
texture features and serum creatinine levels in kidney transplant patients. The study also suggested that ultrasound
radiomics can identify pathological changes not detectable by conventional ultrasound.*> Qin et al extracted a total of
1550 ultrasound radiomics features from kidney US images, retaining ten ultrasound radiomics features after screening,
and established five ML models for non-invasive diagnosis of lupus nephropathy. Among them, the MLP model
exhibited the best performance: the AUC of the ROC curve in the training group was 0.891, with an accuracy of
81.7%; The AUC and accuracy of the ROC curve in the validation group were 0.822 and 73.3%, respectively.?’
Radiomics features were simultaneously extracted from both US and SMI images of patients, demonstrating imaging
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features extracted in both types of images. This also verified that two-dimensional ultrasound and renal fine blood flow
display can serve as potential biological markers for assessing crescents.Based on these fifteen ultrasonic radiomics
characteristics, five ML prediction models were established. Among them, the XGBoost model yielded optimal results.
The AUC of ROC curve in the validation group and the test group was 0.839 and 0.859, respectively, outperforming
single-mode ML models. These results suggest that the ultrasound radiomics model processes robust data processing
capabilities for high-throughput data and can identify biomarkers of subclinical changes based on ultrasound images.

Renal perfusion is characterized by abundance, highly vascularized, and structurally complex, typically accounting
for 25% of cardiac output.*® Focal rupture in the glomerulus basement membrane can lead to crescent formation.>” This
phenomenon also explain why pre-treatment hematuria may serve as an alternative marker for predicting the presence of
cellular/fibroblast crescents,*® Hematuria reflects ongoing kidney inflammation, closely associated with crescent
formation.”® However, clinical measurements of hematuria lack sufficient reliability as biomarkers for determining the
status of crescents. We hypothesized that crescents may influence renal microvascular flow. SHAP is utilized to visualize
the importance of model features by assigning values, known as SHAP values, reflecting the relationship between
features and outputs. It assigns specific predicted importance values to each feature, thereby enhancing transparency and
interpretability for ML models.?® In this study, a total of 1746 ultrasound radiomics features were extracted from US and
SMI images. Following data dimensionality reduction analysis, 18 highly correlated ultrasound radiomics features
associated with crescent height of IgAN patients were obtained, comprising 9 for US and 9 for SMI. These texture
features depict microscopic characteristics in ultrasound images imperceptible to the human eye. Additionally,
a Beeswarm plot was employed to demonstrate the importance of all features. Among the top 10 most contributing
features, SMI accounted to 5, reaffirming the crucial role of SMI in determining crescent in IgAN patients.

Our research possesses certain limitations: 1. The sample size of this study is relatively limited, potentially
introducing bias into the results. So, the large number of patients will be needed to prove the robustness and accuracy
of this ML model; 2. This study is conducted at a single center, and multi center validation could enhance generalization
performance validation; 3. Although the XGBoost model has achieved high diagnostic performance, the information
provided by still images is still limited. In future research, we will further investigate the role of video in evaluating the
crescent state in IgAN.

Conclusion

In summary, the crescentic state of IgAN can be effectively detected by the radiomics XGBoost model based on US-SMI
image of the kidney. This model has high accuracy, discriminative power, and predictive ability. The performance of the
model was better than that of LR model and single mode model in assessing the crescent in IgAN patients. The model
provides an easy-to-use and personalized tool for non-invasive diagnosis of IgA crescents, which can help doctors
develop more favorable treatment plans for patients, and clinical screening of high-risk patients.

Abbreviation

IgAN, IgA nephropathy; SMI, superb microvascular imaging; ML, machine learning; US, two-dimensional ultrasound;
LR, logistic regression; XGBoost, extreme gradient boosting; SHAP, The SHapley Additive exPlanations; AUC, area
under the curve; DCA, decision curve analysis; ESRD, end-stage renal disease; ICC, Intra-group and inter-group
correlation coefficients; NPV, negative predictive value; PPV, Positive predictive value; CDUS, color Doppler
ultrasound.
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