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Radiomics application using non-contrast
computed tomography for predicting uric
acid kidney stones
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Abstract

Objective This study aims to develop a prediction model based on non-contrast computed tomography (NCCT)
images to differentiate uric acid stones from non-uric acid stones before treatment.

Methods This study retrospectively enrolled 195 patients from Quzhou People’s Hospital between 2022 and

2024 who underwent dual-energy CT scans with confirmed renal stone composition. The patients were randomly
divided into a training set (156 cases) and a test set (39 cases) in an 8:2 ratio. Regions of interest (ROIs) were manually
delineated slice-by-slice on NCCT images to extract radiomic features. Feature dimensionality reduction and
selection were performed using intraclass correlation coefficient (ICC), Spearman rank correlation coefficients, and
least absolute shrinkage and selection operator (LASSO) regression. Radiomics and clinical models were developed
using logistic regression (LR), support vector machine (SVM), multilayer perceptron (MLP), ExtraTrees, and LightGBM
algorithms. Finally, a combined model was constructed by integrating the selected radiomic features with clinically
significant risk factors. Model performance was evaluated using the area under the receiver operating characteristic
curve (AUQ), while clinical utility was assessed through decision curve analysis (DCA). Model interpretability was
examined using Shapley additive explanations (SHAP).

Results A total of 1834 radiomic features were extracted from each ROI. After feature dimensionality reduction and
selection, 6 radiomic features remained for characterizing stone composition. The clinical, radiomics, and combined
models all demonstrated favorable discriminatory power for uric acid stones. The AUC values of the three models

in the training set were 0.744 (95% Cl: 0.666-0.822), 0.831 (95% Cl: 0.766-0.897), and 0.886 (95% Cl: 0.834-0.938),
respectively, and 0.778 (95% Cl: 0.631-0.925), 0.634 (95% Cl: 0.454-0.777), and 0.805 (95% Cl: 0.666-0.944) in the
test set. DelLong’s test indicated that in the training set, the performance of the combined model was significantly
superior to both the clinical model and the radiomics model (0.886 vs. 0.744, p <0.001; 0.886 vs. 0.831, p=0.015).
Decision curve analysis also demonstrated its potential clinical utility. SHAP analysis revealed that texture features
were important factors in predicting uric acid stones.
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Conclusion The combined model based on NCCT performs well in distinguishing uric acid stones and can provide

effective references for treatment decision:s.
Clinical trial number Not applicable.

Keywords Radiomics, Uric acid stones, Stone composition analysis, Dual-energy CT

Introduction

Urolithiasis is a global disease with high incidence and
recurrence rates. The main components of stones include
uric acid, cystine, calcium oxalate, etc., with uric acid
stones accounting for 10-15% of all urolithiasis cases
[1-3]. Knowing the stone composition before treatment
is clinically significant for selecting the most appropri-
ate treatment method and preventing recurrence. The
treatment approach for uric acid (UA) stones differs from
other types of stones; clinically, they can be dissolved
through urine alkalinization, thereby avoiding complica-
tions such as renal hemorrhage and secondary hyperten-
sion caused by extracorporeal shock wave lithotripsy to a
certain extent [4, 5]. Furthermore, UA stones can reveal
underlying metabolic abnormalities, allowing for specific
medications or dietary restrictions to be implemented to
prevent recurrence [6, 7]. Therefore, identifying whether
a stone is composed of urate before treatment is particu-
larly important.

Computed tomography (CT) is a commonly used non-
invasive imaging technique for detecting uric acid stones,
but its ability to differentiate stone compositions is lim-
ited. According to the 2015 gout classification criteria
established by the American College of Rheumatology
(ACR) and the European League Against Rheumatism
(EULAR), dual-energy CT is one of the effective and pre-
cise methods for identifying the composition of uric acid
stones [8]. Dual-energy computed tomography (DECT)
operates on the principle of material decomposition,
enabling non-invasive compositional discrimination by
analyzing the differential attenuation characteristics of
stones at different X-ray energy levels. Studies have dem-
onstrated its high diagnostic accuracy for in vivo iden-
tification of uric acid stones, with both sensitivity and
specificity exceeding 90-95% [9], Its efficacy has been
extensively validated and shows strong agreement with ex
vivo infrared spectroscopy [10]. As a non-invasive in vivo
diagnostic technique, DECT can provide reliable stone
composition information without the need for surgical
intervention. Consequently, it has been recommended as
a reference standard for preoperative stone characteriza-
tion by authoritative guidelines such as those of the Euro-
pean Association of Urology [8]. However, dual-energy
CT equipment is expensive, and the examination costs
are high, making it not yet widely available. Therefore,
developing a model based on non-contrast-enhanced CT

(NCCT) for identifying uric acid stones has significant
clinical application value.

Radiomics is an emerging image analysis technique
whose radiomic features can reflect the underlying
pathophysiological processes of diseases. These features
can be used to construct predictive models, thereby sup-
porting clinical decision-making processes such as dis-
ease diagnosis, prognostic evaluation, and treatment
efficacy monitoring [11, 12]. Currently, radiomics is
applied in the differentiation of uric acid stone compo-
sitions, prognostic evaluation, and complication assess-
ment [13-15]. However, previous studies have mainly
relied on postoperative spectral analysis as the gold stan-
dard, meaning that patients with uric acid stones also
had to undergo traumatic surgical treatment. Addition-
ally, some past research has primarily focused on texture
features [16, 17], neglecting the potential value of clinical
data and radiomic features. Therefore, this study aims to
establish a combined model based on NCCT radiomic
features and clinical features, using dual-energy CT as
the gold standard for diagnosing urate composition [8],
to better assist in the formulation of clinical diagnosis
and treatment decisions.

Materials and methods

Patient data

Quzhou People’s Hospital review board approved this
retrospective study. We retrospectively collected data
from 351 patients who underwent dual-energy CT
(DECT) and had their kidney stone compositions con-
firmed via the PACS system at Quzhou People’s Hospital
from 2021 to 2024 (Table 1).

Inclusion criteria were as follows: (a) patients who
underwent abdominal non-contrast CT for non-uroli-
thiasis conditions and had a non-contrast dual-energy
CT (DECT) scan within six months before or after that
confirmed renal stone composition; (b) availability of
complete imaging and clinical data; (c) for patients with
multiple stones, one stone was selected; (d) if stone com-
positions differed, uric acid stones were prioritized; (e)
if all stones had the same composition, the stone with
the longest maximum diameter (>5mm) was selected.
Exclusion criteria included: (a) stones too small for
accurate delineation; (b) poor CT image quality or sig-
nificant artifacts; (c) concomitant other urinary tract dis-
eases such as tumors or malformations.Baseline clinical
data—including age, sex, weight, height, uric acid level,
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Characteristics Training set Test set
ALL Non-urinary urinary stone P ALL Non-urinary urinary stone P

stone Value stone Value

Age 50.19+14.42 48.79+14.86 52.09+13.67 0.158  5236+15.38 52.14+16.27 52.65+14.63 0.920

Gender

Male 139(89.10%) 80(88.89%) 59(89.39%) 1.000  4(10.26%) 2(9.09%) 2(11.76%) 1.000

Female 17(10.90%) 10(11.11%) 7(10.61%) 1.000  35(89.74%) 20(90.91 %) 15(88.24%) 1.000

Diameter 0.50+0.41 0.44+0.34 0.58+0.48 0013 0.49+039 0.47+0.38 0.52+041 0.655

CT_L 168.63+10643 171.24+117.72 165.06+£89.52 0964  18838+189.82 210.824+246.68 159.35+64.18

CT_H 712.03+428.75 810.63+436.91 577.56+380.99 <0.001 755.67+385.76 920.23+376.97 542.714285.46 0.002

CT_Avg 428.40+236.60 485.94+237.67 349.95+212.88 <0.001 461.77+£247.06 556.43+£263.19 339.26+160.59 0.007

Blood uricacid  405.79+130.61 415.07£142.52 393.14+112.19 0302 394.39+110.15 37837+108.39 415.11+112.19 0.308

Urine creatinine 9761541492749 9366.28+4479.03 10300.52+5469.78 0.183  8575.31£4179.13 9044.19+£5143.10 7968.52+246345 0.776

Serum 90.73+4041 88.46+35.69 93.84+46.19 0910  99.03+45.55 97.17+46.46 101.44+45.65 0.620

creatinine

Urinary 624.39+5090.54  1023.02+6684.54 80.81+£303.96 0.183  991£1957 5974739 15.01+28.08 0450

leukocytes

Urinary 155.63+357.17 114.48+189.14 211.73+499.68 0489  111.98+271.55 83.30+98.79 149.10+£399.67 0313

albumin to

creatinine ratio

CRP 55.17+28.46 54.83+28.29 55.62+28.90 0989  59.79+3045 61.80+25.83 57.18+36.24 0.645

urinary creatinine, serum creatinine, presence of bilateral
or unilateral stones, and stone location—were obtained
from medical records. To ensure stone stability between
NCCT and DECT scans, we further excluded cases where
any stone-related treatment (e.g., ESWL, URS, PCNL)
was performed between the two scans, or where imaging
indicated spontaneous stone passage. All included stones
were confirmed to be in the same anatomical location in
both scans.A total of 195 stones from 195 patients were
included. Based on DECT analysis, stone compositions
included uric acid, calcium oxalate, calcium phosphate,
cystine, etc. These were categorized into uric acid (UA,
n=283) and non-uric acid (nUA, n=112) groups. The
cases were randomly divided into training and test sets
in an 8:2 ratio, with 65UA stones in the training set and
18 in the test set. A flowchart detailing participant inclu-
sion/exclusion is provided in Fig. 1, The detailed work-
flow is illustrated in Fig. 2.

CT image acquisition
Dual-Energy CT Parameters:

Toshiba Aquilion one TSX-301C 320-slice dual-energy
CT was used, with high and low tube voltages of 135kV
and 80kV, respectively, an original tube current of
200mAs, CareDoes4D, a matrix of 512x 512, a collima-
tor of 0.5 x 320, a reconstructed slice thickness of 1 mm,
a slice interval of 1 mm, and a tube rotation time of 0.5s.
Non-Contrast CT Parameters:

Siemens SOMATOM Definition AS 64-slice CT was
used, with a tube voltage of 120kV, an original tube cur-
rent of 200mAs, CareDoes4D, a matrix of 512x512, a
collimator of 0.625 x 64, a reconstructed slice thickness of

1 mm, a slice interval of 1 mm, and a tube rotation time
of 0.5s.

Parameters for stone classification using dual-energy CT
All dual-energy CT (DECT) images were analyzed on a
dedicated post-processing workstation (Toshiba Aquilion
One TSX-301C/320). Stone composition was differenti-
ated based on predetermined attenuation slope ratios of
known stone types: uric acid, calcium oxalate, and cystine
exhibit slope values of 1.06, 0.74, and 0.80, respectively.
Since different stone materials exhibit distinct CT attenu-
ation values at 135 kV and 85 kV, an unknown stone gen-
erates a specific data point in the attenuation coordinate
system. Its composition is determined by comparing its
slope against the reference values of known stone types.

Construction of clinical model

First, a baseline analysis of clinical data was conducted
to compare the clinical characteristics between the train-
ing and validation sets. Then, a comprehensive analysis
of clinical data—including patient demographics and
imaging features—was performed. Based on this analy-
sis and a review of relevant literature, clinical risk factors
were identified. Finally, a clinical prediction model was
constructed.

Stone segmentation and feature extraction

A radiologist with three years of experience in abdomi-
nal imaging used ITK-SNAP software (Version 3.6.0, htt
p://www.itksnap.org/) to delineate the region of interest
(ROI) layer by layer. The ROI was drawn along the edge
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Patients with UA stones confirmed by DECT N=351

Inclusion criteria:
1.People found with urinary stones on NCCT scans for non-urinary ———
diseases.
2.complete clinic and image data
Exclusion criteria:
1.stones are too small to annotate
—
2.poor image quality
3.complicated with other urinary system diseases

Patients finally enrolled in this

Study N=195

nUA stone=112

UA stone=83

(8: 2)

!

Training set
N=156

}

Training set
N=39

Fig. 1 Patient enrollment flowchart. Patient enrollment process and detailed inclusion and exclusion criteria

of the stone, avoiding surrounding renal tissue, vessels,
fat, or image artifacts as much as possible.

First, image preprocessing was performed by
resampling all images to a uniform voxel size of
Immx1lmmx1lmm using linear interpolation. Then,
gray-level discretization was applied with a bin width of
25 to convert continuous image values into discrete inte-
ger values. Finally, logarithmic and wavelet image filters
were used to remove mixed noise introduced during
image digitization and to extract high- or low-frequency
features.An open-source software, PyRadiomics version

2.2.0 (https://github.com/Radiomics/pyradiomics), was
used to extract radiomic features from the stones. These
features can be categorized into four groups: (a) shape
features, (b) first-order statistical features, (c) texture fea-
tures, and (d) higher-order texture features.

Inter and intra observer consistency

To assess inter-observer consistency, we used the intra-
class correlation coefficient (ICC). A radiologist with
three years of abdominal imaging experience (HY) ran-
domly selected 40 patients and delineated the ROIs. One
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Fig. 2 Detailed radiomics workflow. The specific process of radiomics for predicting stone composition: manual segmentation of the stone; feature
extraction and reduction; model establishment; and stone composition prediction

week later, another radiologist with 15years of abdomi-
nal imaging experience independently re-delineated the
ROIs for these 40 patients and extracted the correspond-
ing radiomic features. We considered an ICC value above
0.75 as satisfactory for feature extraction reproducibility.

Radiomics feature selection and model construction

We performed high-throughput radiomic feature extrac-
tion on CT images and randomly divided the dataset into
training and test sets in an 8:2 ratio. Multiple rounds of
feature dimensionality reduction were then applied to
the radiomic features within the training set. Intra- and
inter-observer reliability was assessed using the intra-
class correlation coefficient (ICC). Redundant features
were filtered using the Pearson correlation coefficient,
whereby if the correlation coefficient between any two
features exceeded 0.9, only one of them was retained.
Subsequently, the most relevant features were selected
using the Least Absolute Shrinkage and Selection Opera-
tor (LASSO) method to develop the radiomics model.
The overall workflow is illustrated in Fig. 3.

Based on the previously selected radiomic signature
(Rad_signature), machine learning algorithms including
logistic regression (LR), support vector machine (SVM),
multilayer perceptron (MLP), ExtraTrees, and LightGBM
were employed to construct the radiomics models. After
building the models using the training dataset, their per-
formance was evaluated on the test dataset. Receiver
operating characteristic (ROC) curves were plotted,
and evaluation metrics such as the area under the ROC

curve (AUC), sensitivity, specificity, and accuracy were
calculated.

Interpretability of the radiomics model

SHapley Additive exPlanations (SHAP) values were used
to calculate the distribution of features in the predic-
tion model [18]. To enhance model interpretability, the
SHAP method was employed to explain the constructed
machine learning models, addressing the “black box”
issue of the models. All analyses were conducted using
the SHAP library (version 2.0.0) in the Python environ-
ment, and SHAP summary plots were generated. To
visualize the contribution of each feature to the final out-
come, representative cases were selected to create SHAP
Force plots (Fig. 5).

Construction of the combined model

Clinical factors such as age, gender, weight, height, uric
acid, urinary creatinine, serum creatinine, stone compo-
sition, bilateral or unilateral kidney stones, stone loca-
tion, stone CT value, and maximum stone diameter on
CT were analyzed through univariate and multivariate
analyses to screen for clinically independent risk factors.
These factors were then combined with the best machine
learning model to construct the combined model.

Clinical application

In the validation cohort, decision curve analysis (DCA)
was used to compare the clinical model, radiomic model,
and combined model by evaluating clinical performance
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Fig. 3 Radiomics feature selection based on LASSO and Establishment of rad-signature. Using LASSO regression for radiomics feature selection. A: the
optimal A value of 0.015. B: the LASSO coefficient profiles for the 6 radiomics features were plotted against the selected log(\) value, utilizing five-fold cross
validation. C: the radiomics features with non-zero coefficients were selected, along with their corresponding coefficients

at different threshold probabilities. The goal was to deter-
mine which model provided the greatest net benefit in
predicting stone composition.

Statistical analysis

Continuous variables were compared using independent
t-tests or Mann-Whitney U tests for intergroup differ-
ences, while categorical variables were assessed using
chi-square tests. Receiver operating characteristic (ROC)
curves were employed to evaluate the performance of
each model, and DeLong’s test was used to compare the
differences between models. To assess the clinical useful-
ness of the nomogram, decision curve analysis (DCA)
was performed by calculating the net benefit across a

range of threshold probabilities in the entire cohort. A
p-value <0.05 was considered statistically significant.

Results

Clinical data analysis

This study analyzed 195 patients with comprehensive
clinical and imaging data collected. Table 1 provides
a detailed comparison of clinical and imaging factors
between uric acid stones and non-uric acid stones in the
training and validation sets. The training set consisted
of 156 patients (139 males and 17 females), including
66 classified as uric acid stones and 90 as non-uric acid
stones. The validation set comprised 39 patients (4 males
and 35 females), with 17 classified as uric acid stones and
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Table 2 Univariate and multivariate analysis of clinical features

Variables Univariate logistic regression ~ Multiple-stepwise
logistic regression
analysis

OR (95%Cl) P-value OR (95%Cl) P-value

Gender 0.737(0.556-0.978) 0.076 - -

Diameter 0.636(1.436-0.857) 0.857 - -

Age 0.996(0.990-1.001) 0.145 - -

CRP 0.996(0.991-1.000) 0.104 - -

Serum_cre-  0.998(0.995-1.000) 0156 - -

atinine

CT_L 0.999(0.997-1.000) 0.074 - -

CT_H 0.999(0.999-1.000) 0.001 1.001(0.997- 0.384

004)

CT_ave 0.999(0.998-0.999) 0.001 0.997(0.991-  0.690
1.003)

Blood_uric_  0.999(0.999-1.000) 0.033 1.001(1.000- 0221

acid 002)

Urine_cre- 1.000(1.000-1.000) 0.234 - -

atinine

Urinary_leu-  1.000(1.000-1.000) 0431 - -

kocytes

Urinary_al-  1.000(1.000-1.001) 0.463 - -

bumin_to_

creatinine_

ratio

OR: Odds Ratio, CI: Confidence Interval

22 as non-uric acid stones. Analysis of clinical baseline
data revealed significant differences in Diameter, CT_H,
and CT_ave within the training set (P <0.05).

Univariate and multivariate logistic regression analy-
ses did not identify any independent clinical risk fac-
tors (Table 2). Based on previous literature and clinical
data analysis, CT_H, CT_ave, and Blood_uric_acid were
selected for constructing the clinical prediction model.

A
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The model achieved an AUC of 0.744 (95% CI: 0.666—
0.822) in the training set and an AUC of 0.778 (95% CI:
0.631-0.925) in the validation set.

Radiomic feature extraction
A total of 1834 radiomic features were extracted from
each ROI, A total of 1563 features remained following
ICC screening.After screening using the Pearson cor-
relation coefficient, 25 features remained. Subsequently,
Least Absolute Shrinkage and Selection Operator
(LASSO) regression was used for further feature selec-
tion, leaving 6 features to establish the radiomic model.
The flowchart is shown in Fig. 4.

The Rad-signature is calculated using the following
formula:

Rad_signature=0.4230769230769231
-0.039878*exponential_gldm_
LargeDependenceHighGrayLevelEmphasis
+0.008011*lbp_3D_m?2_glrlm_ShortRunEmphasis
+0.025358*square_glszm_
LargeAreaLowGrayLevelEmphasis
+0.021019*wavelet_LHH_glcm_InverseVariance
+0.039738*wavelet_LHH_ngtdm_Busyness
-0.012840*wavelet_LLL_firstorder_Median

Construction and comparison of different radiomic models
This study employed logistic regression (LR), support
vector machine (SVM), multilayer perceptron (MLP),
ExtraTrees, and LightGBM to develop radiomics-based
prediction models, with the results summarized in Table
3. LightGBM demonstrated the highest area under the
curve (AUC) values in both the training and test sets,

1.0

0.8

o
>

Sensitivity

Model AUC Model AUC
1.0
0.8
0.6
=
7]
0.4
L. '
e ' LR AUC: 0.701 (95%CI 0.522-0.879) 02 /’ LR AUC: 0.703 (95%CI 0.620-0.785)
e = =1 SVMAUC: 0.604 (95%CI 0.416-0.793) ’/’ = =+ SVMAUC: 0.774 (95%CI 0.695-0.852)
v
Pl ExtraTrees AUC: 0.670 (95%C1 0.496-0.844) Vi ExtraTrees AUC: 0.790 (95%C1 0.719-0.860)
,/’ 1 : LightGBM AUC: 0.634 (95%CI 0.454-0.814) : ’/’ LightGBM AUC: 0.831 (95%CI 0.766-0.897)
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Fig. 4 Comparison of AUC values for various radiomics models on training (A) and test (B) sets. LR: Logistic Regression; SVM: support vector machine;
ET: extraTrees; LightGBM: light gradient boosting machine; MLP: multilayer perceptron; AUC: the area under the receiver operating characteristic curve
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Table 3 Comparison of the performance of various radiomics

models

AUC Precision Specificity F1-Score
Training set
LR 0.703(0.620-0.785)  0.606 0.689 0.628
SVM 0.774(0.695-0.852)  0.833 0.922 0.648
ET 0.790(0.719-0.860)  0.615 0611 0.713
LightGBM 0.831(0.766-0.897)  0.870 0933 0.714
MLP 0.693(0.609-0.857)  0.648 0.789 0.583
Test set
LR 0.701(0.522-0.879) 0.684 0.727 0.722
SVM 0.604(0416-0.793)  0.600 0.636 0.649
ET 0.670(0.496-0.844)  0.625 0.727 0.606
LightGBM 0.634(0.454-0.777)  0.579 0.636 0.611
MLP 0.676(0.496-0.857) 0619 0.636 0.684

LR: Logistic Regression; SVM: Support Vector Machine; ET: extraTrees; Light GBM:
Light Gradient Boosting Machine; MLP: Multilayer Perceptron; AUC: the area
under the receiver operating characteristic curve

achieving AUCs of 0.831 (95% CI: 0.766—0.897) and 0.634
(95% CI: 0.454—0.777), respectively.

Interpretability of the radiomic model

We calculated the SHAP values for each radiomic
feature in the LightGBM model (Fig. 5). The results
demonstrated that square_glszm_LargeArealLowGray-
LevelEmphasis, wavelet LHH_glcm_InverseVariance,
and wavelet_LHH_ngtdm_Busyness exhibited strong
correlations with uric acid stones.

Construction and evaluation of the combined clinical-
radiomic model

By integrating clinical features with radiomic features,
the combined model using the LightGBM algorithm
achieved the best performance, with AUCs of 0.886 (95%
CI 0.834-0.938) for the training set and 0.805 (95% CI
0.666—0.944) for the test set (Fig. 6). To compare the dif-
ferences between models, the Delong test was used. The
results showed that, in the training set, the combined
model significantly outperformed both the clinical model
and the radiomic model (0.886 vs. 0.744, P <0.001; 0.886
vs. 0.831, P=0.015) (Table 4).

Decision curve analysis (DCA) comparison of clinical,
radiomic, and combined models, and clinical application of
the nomogram

In this study, we also evaluated each model using DCA
(Fig. 7). Compared to scenarios without any predictive
model intervention (i.e., all treatment or no treatment),
the clinical model, radiomic model, and combined model
significantly improved patient intervention outcomes,
with the combined model providing the greatest benefit.
Preoperative imaging was effective in predicting whether
the stones were urate. Figure 7 presents the nomogram
based on clinical features and radiomic features.
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Discussion

Development and Validation of a Radiomics Nomogram
for Preoperative Non-Invasive Prediction of Uric Acid
Stones Based on NCCT.

This study developed a radiomics nomogram model by
integrating NCCT-based radiomic features and clinical
indicators for the non-invasive preoperative prediction of
uric acid stones. The results demonstrate that the model
exhibits favorable predictive performance and may pro-
vide valuable reference for clinical decision-making.

Accurate preoperative prediction of uric acid stone
composition is critical for formulating individualized
treatment plans. In recent years, radiomics analysis has
offered a novel approach for non-invasive discrimina-
tion of stone composition. Kaviani et al. constructed a
stone composition prediction model based on thresh-
old segmentation and radiomics, reporting an AUC of
0.78 [19]. Zheng et al. conducted a multicenter study to
develop and validate a non-invasive radiological model
using machine learning for in vivo identification of infec-
tion stones, thereby optimizing the management of uroli-
thiasis and significantly improving patient outcomes [20].
However, most of these studies relied on postoperative
ex vivo stone analysis as the gold standard, which is inva-
sive. In contrast, our study used dual-energy CT (DECT)
as the reference standard, enabling non-invasive predic-
tion before treatment, thus offering greater clinical prac-
ticality.All DECT images were analyzed on a dedicated
post-processing workstation (Toshiba Aquilion One
TSX-301C/320). The core principle of stone composi-
tion discrimination with this system lies in the differen-
tial CT attenuation of stones at 135 kV and 85 kV energy
levels. By calculating the attenuation slope and compar-
ing it with reference values of known compositions (e.g.,
approximately 1.06 for uric acid, 0.74 for calcium oxalate,
and 0.80 for cystine), the composition of unknown stones
can be determined. We further constructed a combined
predictive model by integrating clinical indicators and
radiomic features. Previous studies have indicated asso-
ciations between stone CT values, blood uric acid levels,
and stone composition [21-23], which is consistent with
our findings.

This study identified significant differences in CT
attenuation values between uric acid and non-uric acid
stones, likely attributable to the distinct physicochemi-
cal properties of uric acid stones. Uric acid stones origi-
nate from the end product of purine metabolism, their
formation is highly dependent on urinary pH, and their
crystalline structure is relatively loose with micro-gaps,
resulting in generally lower CT values [24, 25]. This find-
ing provides a theoretical basis for non-invasive discrimi-
nation. In constructing our predictive model, variable
selection was guided by both statistical and clinical con-
siderations. Although CT_H and CT_ave did not both
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Fig.5 SHAP analysis of Radiomics feature weights. (A): feature inspection; two representative cases correctly predicted as uric acid stone (B) and non-uric
acid stone (C) were individually visualized by SHAP method. SHAP, Shapley additive explanation
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Fig. 6 Comparison of AUC values for clinical models, radiomics models, and nomogram on training (A) and test (B) sets. The nomogram demonstrated

excellent performance on both the training set and the test set

Table 4 Comparison of the performance of clinical models,
radiomics models, and nomogram

AUC Precision Specificity F1-Score

Training set

Clinic 0.744(0.666-0.822) 0.778 0911 0.579
Radiomics 0.831(0.766-0.897)  0.870 0933 0.714
Nomogram  0.886(0.834-0.938) 0.812 0.867 0.800
Test set

Clinic 0.778(0.631-0.925) 0.818 0.909 0.643
Radiomics 0.634(0.454-0.814)  0.579 0.636 0.611
Nomogram  0.805(0.666-0.944) 0.687 0.773 0.667

retain statistical significance in multivariate analysis due
to multicollinearity, we included both—along with blood
uric acid—in the final model based on the well-estab-
lished role of CT values in stone composition discrimi-
nation and the key pathophysiological role of blood uric
acid in uric acid stone formation [9, 26]. The final model
demonstrated good discriminatory performance in the
validation set, supporting the practicality of this clini-
cally-informed variable selection strategy.

Through feature selection, we identified six radiomic
features with the highest predictive value, five of which
were texture features and one first-order feature. These
features effectively reflect intra-stone heterogeneity and
microstructural information. Notably, texture features
(e.g., exponential gldm_LargeDependenceHighGray-
LevelEmphasis) reflect the spatial distribution of pixel
gray levels, potentially corresponding to the character-
istic porous structure of uric acid stones [27-29]. First-
order features (e.g., wavelet LLL_firstorder_Median)
describe the overall distribution of gray-level intensi-
ties [30, 31]. The combination of these features provides
comprehensive imaging basis for accurate identification

of uric acid stones. Specifically, the selected texture fea-
tures—square_glszm_LargeAreaLowGrayLevelEmphasis,
wavelet LHH_glcm_InverseVariance, and wavelet LHH_
ngtdm_Busyness—may reflect two critical characteristics
of uric acid stones on CT imaging: internal homogene-
ity and relatively low density. These features offer quan-
titative metrics from the perspectives of overall density
distribution, local uniformity, and boundary clarity, col-
lectively forming robust imaging markers for identifying
uric acid stones.

We compared the performance of five machine learn-
ing algorithms and ultimately selected the LightGBM
algorithm for integrated modeling due to its advantages
in computational efficiency and resistance to overfitting
when handling high-dimensional feature data [32]. The
combined model based on radiomics and clinical fea-
tures achieved an AUC of 0.805 (95% CI: 0.666—0.944)
in the test set, demonstrating good discriminatory abil-
ity. Decision curve analysis (DCA) further indicated that
the nomogram provides clinical net benefit across a wide
range of threshold probabilities, supporting its potential
practical value.

Our study has several limitations. First, the patients
were recruited from a single center, and the general-
izability of the model requires validation with multi-
center data. Second, although manual segmentation is
considered the gold standard, it is time-consuming and
labor-intensive. Future studies could explore fully auto-
matic segmentation methods to reduce manual effort.
Third, this study employed traditional machine learning
methods and did not incorporate advanced deep learn-
ing algorithms, which warrants further investigation.
Additionally, in cases of multiple stones, we applied
the “one patient, one stone” principle to ensure data
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Fig. 7 Comparison of DCA for clinical models, radiomics models, and nomogram on training and test Sets (A) and clinical application of the nomogram
(B). A decision curve analysis (DCA) of the clinical models, radiomics models, and nomogram. B the radiomics features combined with CT_AVG,CT_H,
and blood uric acid to establish a CT-based nomogram. The DCA indicates that within the majority of threshold probabilities, the use of the nomogram
yielded greater net benefit

independence, which may overlook heterogeneity among  Conclusion

stones within the same patient. Future research could In summary, this study developed and validated a pre-

explore more complex models capable of handling such  operative prediction method for identifying urate stone

clustered data. composition based on a nomogram that combines
radiomics and clinical features derived from NCCT.
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It provides an effective, non-invasive, and convenient
method for optimizing disease management and preci-
sion medicine for patients with kidney stones and their
doctors.
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