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Abstract

Preoperative differentiation between benign renal hamartoma without visible fat (RH-WVF) and malignant homogeneous clearQ
renal cell carcinoma (hm-ccRCC) is radiologically challenging, often requiring biopsy or surgery. This study aimed to develop a
noninvasive preoperative diagnostic model for distinguishing the two lesions. A retrospective analysis included 371 patients with
RH-WVF or hm-ccRCC (confirmed by surgical specimens) from two Jingzhou hospitals (Jan 2015-Feb 2024). Patients were
randomly divided into training (70%) and validation (30%) cohorts by tumor stage. Radiomics features were extracted from CT
corticomedullary and parenchymal phases; urinary proteomic markers were also included. LASSO regression screened predictive
features, and nomogram/decision tree models were built, evaluated via ROC curves and decision curve analysis. Eight radiomics
and three urinary proteomic features were selected. The nomogram showed robust performance (all P < .05) with area under
the curve (AUC) 0.889 (95% ClI: 0.832-0.946) in the training cohort and 0.895 (95% ClI: 0.838-0.952) in the validation cohort,
outperforming the decision tree (training AUC 0.821; validation AUC 0.808). In the validation cohort, ~32% (n = 36) low-risk
patients could avoid unnecessary surgery, with a 4.7% (n = 5) false negative rate. The multi-omics model integrating CT radiomics
and uromics is a reliable noninvasive tool for distinguishing RH-WVF from hm-ccRCC, facilitating precise treatment and reducing
unnecessary surgeries.

Abbreviations: AUC = area under the curve, C3 = complement component 3, C3AR1 = complement component 3a receptor
1, C4d = complement component 4d, C5 = complement component 5, ccRCC = clear cell renal cell carcinoma, Cl = confidence
interval, DICOM = Digital Imaging and Communications in Medicine, ELISA = enzyme-linked immunosorbent assay, FABP4 =
fatty acid binding protein 4, FC = fold change, FN1 = fibronectin 1, hm-ccRCC = homogeneous clear cell renal cell carcinoma,
HU = Hounsfield unit, ICC = intraclass correlation coefficient, IRB = Institutional Review Board, ITIH2 = inter-alpha-trypsin inhibitor
heavy chain 2, LASSO = Least Absolute Shrinkage and Selection Operator, OR = odds ratio, PASEF = parallel accumulation
serial fragmentation, RCC = renal cell carcinoma, RH-WVF = renal hamartoma without visible fat, ROC = receiver operating
characteristic, ROI = region of interest, ST00A14 = S100 calcium binding protein A14, S100A8 = S100 calcium binding protein
A8, S100A9 = S100 calcium binding protein A9, VOI = volume of interest.
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1. Introduction

Renal hamartoma without visible fat (RH-WVF), as an inter-
stitial renal tumor derived from perivascular epithelioid cells,
is the most common benign renal tumor in clinical practice.!
Approximately 5% of RH-WVF does not have enough fat to
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be identified through traditional imaging methods.">3 However,
hamartomas lacking fat components or RH-WVF mainly com-
posed of smooth muscle tissue and blood vessels with low fat
are easily confused with homogeneous clear cell renal cell car-
cinoma (hm-ccRCC) due to their similar CT imaging charac-
teristics to early renal cell carcinoma.*’! In recent years, the
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incidence rate of hm-ccRCC continues to grow and maintains
a high mortality rate, accounts for 2.4% of all malignancies
worldwide.! So far, if early hm-ccRCC can be treated with
timely surgical resection or chemotherapy, it can effectively
control disease progression and improve prognosis.[” However,
RH-WVF and hm-ccRCC have many overlapping imaging fea-
tures, especially with hm-ccRCC (considered to be hm-ccRCC
without obvious necrosis, cyst, or bleeding), which often relies
on biopsy or surgery for diagnosis, leading to the risk of mis-
diagnosis or overtreatment in RH-WVF patients.!®! Therefore,
preoperative differentiation between benign RH-WVF and
malignant hm-ccRCC remains a difficulty and challenge for
surgeons in preoperative diagnosis.

In previous studies, various imaging indicators have been used
as diagnostic features for RH-WVE, including plain CT density, CT
histogram analysis, CT/MRI enhancement mode, chemical shift
MRI parameters, T2 signal intensity ratio, and contrast-enhanced
ultrasound parameters.'®! Most RH-WVF shows high attenu-
ation on non-enhanced CT, low signal on T2WI MRI, uniform
early enhancement and clearance patterns, which are associated
with abundant blood vessels and smooth muscles.”’ However,
most studies mainly focus on qualitative analysis of image fea-
tures. Recently, advances in radiomics have improved the process
of high-throughput extraction of quantitative statistical features,
transforming image textures into exploitable data. Radiomics
refers to the extraction and analysis of high-dimensional quan-
titative features from medical images (e.g., CT, MRI) to charac-
terize tumor phenotypes, with applications in tumor diagnosis,
prognosis, and treatment response prediction. Analyzing this data
can aid in better clinical decision-making, particularly in the care
of cancer patients. Fortunately, successful applications of renal
tumor radiomics have been reported in predicting Fuhrman grad-
ing of renal clear cell carcinoma, distinguishing different subtypes
of RCC, distinguishing RCC from benign renal tumors, and pre-
dicting survival rates of RCC patients.!'! Additionally, although
imaging features can help diagnose hm-ccRCC in some aspects,
they are not absolutely convincing. Nowadays, liquid biopsy tech-
nology has attracted wide attention. Urine proteomics involves
the systematic analysis of proteins in urine samples to identify
disease-specific biomarkers, which has shown promise in renal
cancer diagnosis due to its non-invasiveness. Detection of exfo-
liated urinary cells has become a routine diagnostic method for
bladder cancer."*!5! It has the advantages of simple operation and
high sensitivity. For hm-ccRCC, the identification of molecular
markers in serum and urine can be used for screening, diagnosis
and follow-up of patients. However, most studies focus on serum
or urine metabolomics, microRNA, and ctDNA.

Encouraged by this, in this study, we attempted to develop
and validate a multi-omics (i.e., radiomics, uroproteomics)
noninvasive diagnostic prediction model that combines multi-
omics labels for preoperative differentiation of RH-WVF and
hm-ccRCC, in order to assist clinicians in making scientific pre-
operative decisions, especially for accurate evaluation of surgi-
cal indications for RH-WVF patients and hm-ccRCC.

2. Materials and methods
2.1. Study population

We conducted a retrospective search of the pathology database
of The Second Hospital of Jingzhou and Jingzhou Hospital
Affiliated to Yangtze University from January 2015 to February
2024 to determine patients diagnosed with RH-WVF or
hm-ccRCC based on surgical resection specimens. Inclusion
criteria: Patients with pathological diagnosis of RH-WVF
or hm-ccRCC; The patient underwent non enhanced and
contrast-enhanced CT scans less than 15 days before the sur-
gery, and the image quality was satisfactory; and Patients with
complete clinical and pathological data. Exclusion criteria:
RH-WVF patients with visible lesion fat on plain CT images;
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Patients with hm-ccRCC have obvious necrosis, cysts, or bleed-
ing; Patients with combined other organ functions or organic
lesions; and The patient receives chemotherapy or radiation
therapy before surgery. The specific process of patient inclusion
and prediction model construction is summarized in Figure 1.

This study strictly followed the TRIPOD (Transparent
Reporting of a multivariable prediction model for Individual
Prognosis or Diagnosis) declaration and Helsinki declaration.
The TRIPOD statement, published in 20135, is a widely recognized
set of guidelines designed to enhance the transparency, reproduc-
ibility, and utility of multivariable prediction models, consisting
of a 22-item checklist covering participant selection, predictor
variables, model development, validation, and limitations. Our
study adheres to its guidelines, including reporting of participant
selection, predictor variables, model development, internal vali-
dation, and discussion of limitations. For ethical approval, this
study was approved by the Medical Ethics Committee of The
Second Hospital of Jingzhou and Jingzhou Hospital Affiliated
to Yangtze University. The IRB waived the requirement for
informed consent for deceased or lost-to-follow-up patients due
to the retrospective nature and use of de-identified data. For liv-
ing patients, written informed consent for data usage in research
was obtained at the time of enrollment.

2.2. CT image acquisition and texture selection

We performed non enhanced CT scans of the renal region using
ScintCare 128 slice or Hitachi LUNARIA 128 slice CT scan-
ners. Scanning parameters: Tube voltage of 120kV, automatic
adjustment of tube current, matrix of 512 x 512, layer thickness
of 5 mm, image reconstructed using multi planar reconstruction
with a reconstruction layer thickness of 1 mm. The patient’s CT
images were imported into ITK-SNAP3.8.0 software in DICOM
format, and a unified renal window was set (window width
1200 HU, window level =500 HU).

Image quality was evaluated by two radiologists (with 8 and
12 years of experience) blinded to clinical outcomes, using a
3-point scale: 1 = poor (severe motion artifacts, insufficient con-
trast enhancement), 2 = moderate (minor artifacts, adequate
enhancement), 3 =excellent (no artifacts, optimal enhance-
ment). Disagreements were resolved by consensus. Only images
with a score > 2 were included in the radiomics analysis, and the
proportion of excluded images due to poor quality was 7.3%.

Two radiologists, A and B, with over 10 years of CT diag-
nostic experience, independently delineated the tumor region of
interest (ROI) using a single blind method. Tumor ROIs were
manually outlined on axial slices of contrast-enhanced CT
images obtained during the venous phase, encompassing the
entire solid portion of the renal mass (excluding cystic compo-
nents, necrosis, or surrounding normal renal parenchyma) to
generate a three-dimensional volume of interest. To evaluate
the consistency of radiomics features, 30 lesions were randomly
selected using the random seed method, and were r delineated
by radiologist A 2 weeks later, with intraclass correlation coeffi-
cient (ICC) > 0.85 indicating good reproducibility.

In Python 3.8.1, Pyradiomics package (version 3.0) was used
to extract radiomics features from ROIs, with a total of 1050
omics features extracted from each ROI. Including 14 shape
features (e.g., volume, sphericity), 18 first-order features (e.g.,
mean, entropy), 16 gray run length matrix features, 16 gray
size region band matrix features, 24 gray co-occurrence matrix
features, 592 wavelet transform features, and 370 Gaussian
Laplacian features.

2.3. Urine liquid chromatography tandem mass
spectrometry analysis

Urine samples were collected upon admission of the patient
(RH-WVF and hm-ccRCC were strictly matched with 10 cases
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Figure 1. Flow chart for inclusion of study population and construction of prediction model.

each) as part of routine preoperative evaluation. All urine sam-
ples were calibrated at 4°C and then centrifuged at 4000 rpm
for 15 minutes at 4°C. The supernatant was collected and stored
at -80°C in our biobank until analysis. For patients admitted in
20135, urine samples were collected during initial clinical assess-
ment and stored, with uromics analysis performed retrospec-
tively for this study using stored samples.

After treatment with trypsin peptide solvent A/B, urine
samples were analyzed by timsTOF Pro (Bruker Daltonics)
mass spectrometry. The TOF detector is used to analyze pre-
cursors and fragments, with a MS/MS scanning range of 100

to 1700 m/z. TimsTOF Pro operates in parallel accumula-
tion serial fragmentation (PASEF) mode. Select precursors
with charge states ranging from 0 to 5 for fragmentation,
and collect 10 PASEF-MS/MS scans per cycle. The analysis
of differentially expressed proteins was performed using the
“limma” package in R statistical software, where the defi-
nition of differentially expressed proteins was llog2 FCl>2
and P < .05. Finally, candidate protein targets in urine were
determined by enzyme-linked immunosorbent assay (Table
S1, Supplemental Digital Content, https://links.lww.com/
MD/RS51). Protein molecules with significant differences
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Patient baseline data characteristics and radiomics and urinary proteomics characteristics between RH-WVF and hm-ccRCC groups.

Training cohort Testing cohort
Overall RH-WVF hm-ccRCC RH-WVF hm-ccRCC P
Variables (N =259) (N =65) (N=194) Pvalue  Overall (N = 259) (N =65) (N=194) value
Clinical features
Age (median [IQR]), year 44.0(30.0,57.0) 45.0[30.0,56.0] 43.0(29.0,57.0] 5 44.0[28.0,59.0] 44.0[30.0,60.0] 44.0[28.0,58.00 .7
Gender (%)
Male 105 (40.5) 30 (46.2) 75 (38.7) 4 54 (48.2) 6(31.6) 48 (51.6) 2
Female 154 (59.5) 35(53.8) 119 (61.3) 58 (51.8) 13 (68.4) 45 (48.4)
BMI (median [IQR]), kg/m? 24.7[21.3,28.4] 24.41[22.0,27.9] 24.9[21.2,28.5] 7 24.61[20.8,28.3] 251[21.9,29.3] 245[208,279] .2
Diameter (median [IQR]), mm  38.3[21.6,54.8] 44.1[29.4,62.2] 35.3[19.6,53.1] 0 41.0(26.6,55.6] 41.5[18.4,55.8] 41.0[29.6,55.1] .7
Shape (%)
Round 139 (53.7) 36 (55.4) 103 (53.1) 9 53 (47.3) 9 (47.4) 44 (47.3) 1.0
Not round 120 (46.3) 29 (44.6) 91 (46.9) 59 (52.7) 10 (52.6) 49 (52.7)
Location (%)
Exophytic 134 (51.7) 29 (44.6) 105 (54.1) 2 65 (58.0) 11 (57.9) 54 (58.1) 1.0
Not exophytic 125 (48.3) 36 (55.4) 89 (45.9) 47 (42.0) 8 (42.1) 39 (41.9)
Anl (%)
Present 140 (54.1) 39 (60.0) 101 (52.1) 3 55 (49.1) 7(36.8) 48 (51.6) 4
Absent 119 (45.9) 26 (40.0) 93 (47.9) 57 (50.9) 12 (63.2) 45 (48.
Dv (%)
Present 124 (47.9) 31(47.7) 93 (47.9) 1.0 62 (55.4) 8 (42.1) 54 (58.1) 3
Absent 135 (52.1) 4 (52.3) 101 (52.1) 50 (44.6) 11 (567.9) 39 (41
FFOEP (%)
Present 138 (53.3) 30 (46.2 108 (55.7) 2 57 (50. 10 (52.6) 47 (50.5) 1.0
Absent 121 (46.7) 35(563.9) 86 (44.3) 55 (49.1) 9 (47.4) 46 (49.5)
First-order gray-level features
Mean (median [IQR]) 3.1[2.3,4.2] 3.2[2.3,4.1] 3.11[23,4.2] 8 34(23,4.2] 3.6 [2.3,4.6] 3.3[2.1,4.0] 2
Variance (median [IQR]) 55(3.7,6.9] 5.3[4.3,6.9] 5.5[3.7,7.0] 7 5.0(3.8,6.7] 5.0 [3.8,5.9] 5.11[3.8,6.8] .8
MAD (median [IQR]) 112.0 [87.0, 55.0(36.0,68.00  121.0[103.0, <.001 114.5[91.8, 57.0[45.0,70.00  123.0[103.0, <.001
134.0] 139.0] 132.3] 136.0]
Kurtosis (median [IQR]) 119.0 [61.5, 111.0 [61.0, 120.0 [63.0, 6 110.0 [60.0, 113.0 [74.0, 110.0 [56.0, 5
170.0] 167.0] 173.0] 156.5] 151.0] 158.0]
Skewness (median [IQR]) 7.0 [3.9,9.6] 2.5[1.7,3.0] 8.1[6.2,10.6] <.001 7.815.2,9.8] 2.2[1.9,2.8] 8.5[6.0,10.5] <.001
Uniformity (median [IQR]) 8.8(7.0,11.0] 7.916.8,10.7] 9.0[7.1,11.2] 0 9.0(7.2,10.4] 9.718.8,10.4] 8.716.9,10.4] 2
Gray level co-occurrence
matrix features
Contrast (median [IQR]) 54147,6.2) 5.3[4.7,6.2) 5.414.7,6.2) 1.0 5.6 [4.9,6.4] 541[4.9,5.6] 591[4.9,6.5] A
Correlation (median [IQR]) 1.9[1.1,2.8] 0.6 [0.4,0.9] 2.3[1.7,31] <.001 211.4,2.7] 0.8 10.5,1.0] 24[18,28 <001
CP (median [IQR]) 63.0(36.0,88.001 57.0[33.0,88.0] 64.0(37.0,88.0] 8 60.0[32.0,86.3] 44.0[30.0,63.5] 65.0[39.0,88.00 .1
DE (median [IQR]) 71.0[40.0,97.0] 70.0[42.0,95.0] 71.0[39.0,97.0] 8 66.5[40.0,99.0] 49.0[43.0,71.5] 70.0[40.0,99.0] .3
DV (median [IQR]) 7.7[5.8,10.1] 8.1[6.0,10.1] 7.6 [5.8,10.0] 8 7.415.9,9.9] 7.215.5,10.5] 7.415.9,9.5] 8
IDM (median [IQR]) 5.0(3.0,7.0] 12.8[10.2,15.6]  3.9[2.4,5.4] <.001 4.412.6,6.2) 12.3[10.3,147]  39[25,5.2] <.001
MCC (median [IQR]) 14.0[9.5, 16.6] 473564 15.6[132,17.0] <.001 13.2[11.1,15.7] 6.3[4.7,7.8] 14.0[12.2,16.1] <.001
IDN (median [IQR]) 48.0[26.0,70.00 43.0[19.0,69.0] 50.0(28.0,72.0] A 46.0[24.0,66.8] 43.0[23.0,57.5] 49.0[24.0,69.00 .7
Gray scale area size matrix
features
GLN (median [IQR]) 80.0 [67.0,98.0] 37.0[25.0,53.0] 89.0 [75.0, <.001 86.0 [68.0,96.0] 31.0[23.0,46.0] 90.0[77.0,99.0] <.001
102.0]
SAE (median [IQR]) 50.0 [28.5,68.0] 47.0[31.0,62.0] 51.5[27.0,71.0] 7 52.5[31.0,69.3] 38.0[17.0,72.5] 53.0[34.0,68.0] .4
LAE (median [IQR]) 114.0 [67.0, 128.0 [90.0, 106.0 [60.0, 0 106.5 [52.0, 120.0 [62.0, 101.0 [52.0, 5
170.0] 181.0] 167.0] 161.3] 159.5] 161.0]
SZN (median [IQR]) 113.0 [93.0, 43.0(34.0,67.00  121.0[109.0, <.001 117.5 [105.0, 55.0(32.0,75.00 122.0[112.0, <.001
132.0] 136.0] 137.0] 141.0]
GLV (median [IQR]) 45.0[21.5,61.5] 33.0[18.0,58.0] 46.0(25.0,62.0] A 33.5[17.0,60.0] 40.0[24.0,61.00 32.0[16.0,58.0] .3
Urinary proteomics
S100A14 (median [IQR]), 22.0[9.5,31.0] 6.0[4.5,7.00  25.0[19.0,33.0] <.001 23.0[13.0,31.5] 7.0[45,7.00 26.0[19.0,33.0] <.001
ng/mL
FABP4 (median [IQRY]), 17.0[12.5,22.0] 7.0[5.0,9.00 17.0[14.0,22.0] <.001 17.5[13.0, 22.0] 8.0[5.5,9.00 19.0[14.0,22.0] <.001
ng/mL
C3 (median [IQR]), ng/mL 13.0[11.0,15.0] 5.0[4.5,80  14.0[13.0,15.0] <.001 13.0 [12.0, 15.0] 6.0[(5.5,7.0] 14.0[13.0,15.0] <.001

Anl = angular interface, BMI = body mass index, CP = cluster prominence, DE = difference entropy, DV = difference variance, Dv = dysmorphic vessels, FFOEP = fast in fast out enhancement pattern,
GLN = Gray Level Non-Uniformity, GLV = Gray Level Variance, IDM = inverse difference moment, IDN = inverse difference normalized, QR = interquartile range, LAE = large area emphasis, MAD = mean

absolute deviation, MCC = maximal correlation coefficient, SAE = small area emphasis, SZN = size-zone non-uniformity.

between groups will be used for subsequent large-scale urine
proteomic testing, namely ST00A14 (ELISA, 96T, BJ-E3391),

FABP4 (ELISA, 96T, LBK-H04227), and C3 (ELISA, 96T,

ALZ228220).

2.4. Selection of candidate features and construction of
predictive models

We used the Pingouin package in Python to calculate the intra

observer and inter observer group correlation coefficient (ICC),
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Figure 2. Selection of candidate variables. (A) Pearson correlation coefficient analysis examines the correlation between candidate variables and outcome
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inclusion in the final prediction model based on the Lambda value. (D) Weight distribution of contribution values of candidate variables in two types of prediction

models.

where ICC>0.75 indicates good consistency. The cases were
divided into a training set and a validation set at a 7:3 ratio via
stratified random sampling. Using R software (version 4.2.1), a
computer-generated random number sequence was generated, and
randomization was stratified by tumor stage (I/Il vs III/IV) to ensure
balanced distribution of clinical characteristics between cohorts.

In the training set, F test and Least Absolute Shrinkage and
Selection (LASSO) regression analysis with 10-fold cross-
validation were used to screen for features, and the most
predictive features were selected. We used univariate anal-
ysis to compare the differences in clinical factors (including
clinical data, CT features, and urinary proteomics) between
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Table 2
Logistic regression analysis of candidate variables for prediction model construction.

Univariate analysis Multivate analysis
Variables OR 95% CI Pvalue OR 95%(Cl Pvalue
Radiomics score 2.26 0.99-4.56 <.05 2.29 1.01-3.99 <.05
S100A14 3.15 1.12-6.82 <.05 3.27 1.16-5.95 <.05
FABP4 117 0.96-2.98 <.05 1.26 1.12-3.41 <.05
C3 2.84 1.02-3.17 <.01 2.87 0.99-5.22 <.01

95% CI = 95% confidence interval, OR = odds ratio.

two groups. Variables with statistically significant differences
(P < .05) were included in the initial model. Using significant
variables from univariate analysis as inputs, a clinical fac-
tor model was constructed using multiple logistic regression
analysis, and the relative risk ratio (OR) and 95% confidence
interval (CI) of each independent factor were calculated to
construct a nomogram.

The composite aggregate of radiomics and proteomics was
constructed by first developing separate radiomics and pro-
teomics signatures: Each signature was derived using LASSO
regression, with coefficients used to weight individual features.
The total score for each signature was calculated as the sum
of (feature value x coefficient). The composite aggregate was
then generated by combining these two signature scores using
multivariable logistic regression, where the final composite
score = (radiomics signature score x 0.62) + (proteomics sig-
nature score x 0.38) +0.15, with 0.62 and 0.38 representing
regression coefficients from the combined model.

In addition, we also constructed a decision tree prediction
tool, incorporating radiomics and urine proteomics features
with statistically significant differences into the decision tree
prediction model. The Gini coefficient was used to screen and
rank the features of the decision tree, and the optimal param-
eters of the decision tree were obtained through 10-fold cross
validation of the training set.

2.5. Assessment of the performance of machine learning
predictive models

The diagnostic performance of the machine learning prediction
model was evaluated based on the area under the receiver oper-
ating characteristic (ROC) curve (AUC) to distinguish between
RH-WVF and hm-cRCC in the training and validation sets. In
addition, to evaluate the clinical effectiveness of the nomogram,
decision curve analysis was performed by calculating the net
benefit of a series of threshold probabilities across the entire
cohort.

The DynNom tool was tested using our internal validation
cohort, with performance metrics (e.g., AUC 0.87, sensitiv-
ity 89%, specificity 76%) compared to traditional diagnostic
methods. High versus low risk groups were classified using the
Youden index (sensitivity + specificity — 1) from the validation
cohort, which identified a cutoff of 120 total points (corre-
sponding to 65% predicted probability) as optimal.

2.6. Statistical analysis

Statistical testing and data visualization are both implemented
using R statistical software (version 4.2.3, https://www.r-proj-
ect.org). The clinical factor differences between the two groups
were assessed using chi-square test or Fisher’s exact test (cate-
gorical variables) and Mann—Whitney U test (continuous vari-
ables). Compare the discriminative value of each radiomics
feature between RH-WVF and hm-ccRCC using one-way anal-
ysis of variance. The “glmnet” and “pROC” software packages

are used to perform LASSO regression model analysis and plot
ROC curves, respectively. The “rms” software package is used
for the development of nomogram and the drawing of cali-
bration curves, while Delong test is used to estimate the dif-
ferences in AUC values between different models. A bilateral P
value < .05 is considered significant.

3. Results

3.1. Baseline characteristics of patients with RH-WVF or
hm-ccRCC

As shown in Table 1, a total of 371 eligible patients were
screened in this study. All patients were assigned in a 7:3 ratio
(training cohort: 259; validation cohort: 112) via stratified
random sampling and subjected to inter-group radiomics and
urinary proteomics comparisons. In the training set, we found
significant inter-group differences (P < .05) in 7 feature parame-
ters in radiomics, including 2 first-order features, 1 second-order
feature, and 4 co-occurrence gray matrices. The same trend was
also observed in the validation cohort, indicating that radiomics
features have significant distinguishing characteristics between
RH-WVF and hm-ccRCC. In addition, 4D label free quantita-
tive proteomic analysis was performed on urine samples from
hm-ccRCC and RH-WVF patients, revealing 113 differentially
expressed proteins. Among them, 70 proteins (fold change,
FC > 1.5) were identified as upregulated and 43 proteins were
identified as downregulated (FC < 0.5). Figure 2A provides
a heatmap of all differentially expressed genes and ultimately
selects the top seven protein, namely S100A14, D1L1, FABP4,
ITIH2, C3, ANGPTL6, and F13B are potential diagnostic bio-
markers for RH-WVF and hm-ccRCC (Figure S1, Supplemental
Digital Content, https:/links.lww.com/MD/R51).

3.2. Predictive feature selection

To determine the variables most closely related to the disease (i.e.
RH-WVF and hm-ccRCC), we normalized the training dataset
and performed Pearson correlation coefficient heatmap analysis
(Fig. 2A). Among them, disease (i.e. RH-WVF and hm-ccRCC)
is used as the dependent variable, and the compressed variable
coefficient is used to prevent overfitting and solve severe multi-
collinearity problems (Fig. 2B). The 10-fold cross validation was
used to determine the optimal penalty parameter A. We evalu-
ated the predictive performance of the fitting model by calculat-
ing the binomial bias of the test data, choosed the latter value
of A because it leads to stricter punishment, and compared to
the previous value that can further reduce the number of inde-
pendent variables (Fig. 2C). Finally, as shown in Figure 2D, we
developed this machine learning model using radiomics-score,
S100A14, FABP4, and C3 as predictive variables.

3.3. Construction of multi-omics prediction model

As shown in Table 2, we conducted univariate and multivariate
analyses to identify the risk factor associated with RH-WVF
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Figure 3. A visual prediction model based on nomogram. (A) Nomogram, also known as a column chart, assigns values to all variables and enables quantifica-
tion. All patients use the assigned value scale and then weight it to obtain the total score, which corresponds to the predicted diagnostic value. (B) Calibration

curve. During the 1000 resampling process, all variables were iteratively validated to evaluate the robustness between the predictive model and the actual
values.

and hm-ccRCC. Multivariate analysis showed that radiomics-  evaluate the results, we construct a visual prediction model
score, SI00A14, FABP4, and C3 were independent predic-  based on predictive factors using the nomogram (Fig. 3A). The
tors for distinguishing RH-WVF and hm-ccRCC. To further  final nomogram is included with a key to interpretation: “To
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use the nomogram: For each patient, locate their value for each
variable on the corresponding axis, draw a vertical line to the
‘Points’ axis to determine the points for that variable, sum the
points, and draw a vertical line from the ‘Total Points’ axis to

the ‘Probability of Clear Cell Renal Carcinoma’ axis to obtain
the predicted probability.” All predictive factors are assigned
numerical values, quantified in nomogram, and the total risk
score is calculated.
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Diagnostic efficacy of predictive models evaluated based on receiver working characteristic curves.

Training set Testing set
Prediction model AUC 95% Cl PPV NPV AUC 95% Cl PPV NPV
Nomogram 0.889 0.832-0.946 0.945 0.991 0.895 0.838-0.952 0.885 0.983
DTM 0.821 0.760-0.882 0.841 0.917 0.808 0.747-0.869 0.754 0.911

95% Cl = 95% confidence interval, AUC = area under the curve, DTM = decision tree model, NPV = negative predictive value, PPV = positive predictive value.

Figure 3 was constructed using R software (version 4.2.1).
Calibration curves were generated by plotting predicted prob-
abilities against observed frequencies, with 1000 bootstrap
resamples to assess calibration error. As shown in Figure 3B,
we found that the C-index was as high as 0.816, indicating
that the prediction model constructed based on the above
prediction factors has ideal and considerable predictive
performance.

Similarly, the prediction model based on decision trees, as
shown in Figure 4A, selects four prediction factors (radiomics-
score, S100A14, FABP4, C3) as model construction param-
eters after “pruning” and “iteration.” Remarkably, the
decision tree also showed a robust diagnostic performance
with a C-index of 0.799 in distinguishing RH-WVF from
hm-ccRCC (Fig. 4B).

3.4. Performance of machine learning model for
distinguishing RH-WVF and hm-ccRCC

We conducted the sensitivity and specificity of the model in
distinguishing RH-WVF and hm-ccRCC by comparing the
area under the curve (AUC) of ROC. Correspondingly, in the
training and testing cohorts, the AUC predicted by the nomo-
gram for RH-WVF and hm-ccRCC were 0.889 (95% CI:
0.832-0.946) and 0.895 (95% CI: 0.838-0.952), respectively,
with a statistically significant difference (P =.023). In contrast,
the AUC values of decision trees in the training and validation
sets were 0.821 (95% CI: 0.760-0.882) and 0.808 (95% CI:
0.747-0.869), respectively (Table 3). Besides, for the nomogram
prediction model, the calibration curve of model performance
accurately predicted the RH-WVF and hm-ccRCC (Hosmer and
Lemeshow, P value =.573), the decision curve analysis results
showed that the nomogram had a high net benefit for predicting
RH-WVF and hm-ccRCC both in training and testing cohort
(Fig. 5).

3.5. Clinical practice and efficacy evaluation of optimal
prediction model

To adapt to the generalizability and universality of clinical pre-
diction practice, we have developed an online version of pre-
diction software based on the “DynNom” software package.
As shown in Figure S2, Supplemental Digital Content, https://
links.lww.com/MD/R51, we input candidate features related to
patient radiomics and urine proteomics, where radiomics-score,
S100A14, FABP4, C3, and risk is high; Then click on Predict to
obtain the corresponding probability of predicting RH-WVF or
hm-ccRCC. More importantly, the eventual prediction efficacy
was significantly different between the low risk and high risk
groups by the nomogram. Collectively, the nomogram based
risk stratification reveals very ideal discriminative efficacy and
credibility.

4. Discussion

In clinical practice, RH-WVF and hm-ccRCC represent the most
common benign and malignant renal solid tumors, respectively.

However, due to their shared overlapping imaging features, dif-
ferential diagnosis has always been very difficult. In addition,
distinguishing between RH-WVF and hm-ccRCC directly affects
their prognosis, as their treatment methods are completely dif-
ferent, especially for hm hm-ccRCC, which does not have obvi-
ous necrosis, cysts, or bleeding. Therefore, it is urgent to seek
effective diagnostic methods to reasonably and efficiently distin-
guish RH-WVF and hm-ccRCC before surgery. Our study indi-
cates that a multi omics prediction model combining radiomics
labels and urine proteomics has good predictive value with AUC
values of 0.896 and 0.949 for distinguishing RH-WVF and
hm cRCC in the training and testing sets, respectively. To our
knowledge, this is the first attempt to construct a noninvasive
preoperative diagnostic prediction model using radiomics and
urine markers, and has achieved significant predictive results in
clinical practice.

Prior to this, mounting scholars have been dedicated to build-
ing predictive tools for identifying RH-WVF and hm-ccRCC.!*!
For instance, Nie et al developed a noninvasive preopera-
tive prediction tool that combines Rad score and clinical fac-
tors, showing good predictive performance in distinguishing
angiomyolipoma-wovf from hm-ccRCC.!'""! Sun et al confirmed
that even though there are significant differences in the perfor-
mance of expert radiologists in distinguishing benign and malig-
nant renal parenchymal masses, radiation machine learning may
make up for the shortcomings.!'® In fact, inspired by this, there
are many bold explorations of predictive models based on CT
radiomics in the field of renal solid tumors. Especially, compared
to abdominal radiologists, machine learning models trained on
CT based radiological features can provide higher accuracy
in distinguishing benign and malignant solid renal masses.!'”)
Undeniably, radiology is the process of extracting high-
throughput quantitative imaging features from medical images,
which represent noninvasive quantitative biomarkers that go
beyond traditional imaging features visible to the human eye. In
this study, unlike previous researchers, we integrated multimodal
texture feature analysis, such as multi parameter extraction of
first-order and second-order feature fusion co-occurrence gray
matrix, which can obtain more potential highly recognized pre-
dictive biomarkers. Morever, based on the visualization mode of
nomogram, multidimensional radiomics scores and urine mark-
ers can achieve a predictive efficiency of 0.895 and a C-index of
0.816, which is a very promising development prediction model
in noninvasive diagnosis.

In this study, we pioneered the integration of uromics, which
is not surprising as in the era of precision medicine, liquid
biopsy has discovered useful biomarkers that can aid in the
diagnosis and stratification of various cancers.*”! Urine, as an
easily obtainable clinical sample, have been used as noninva-
sive, cost-effective tools for screening, diagnosis and monitoring
of diseases since ancient times. So far, thousands of different
proteins or peptides have been sequenced in human urine,
which provides a more in-depth understanding of urine con-
tent, especially with the help of biomarkers excavated from
urine samples, which has great potential in the development of
noninvasive diagnosis for prostate cancer, diabetes nephropa-
thy, chronic kidney disease and renal cell carcinoma.*'-%3 As
a preliminary exploration in renal solid tumors (i.e. RH-WVF
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Figure 5. Performance evaluation of predictive models based on DCA. A. Training cohort; B. Testing cohort. DCA = decision curve analysis.

and hm-ccRCC), we have identified a group of highly valuable
urinary proteomic markers, and the combination with radio-
mics has achieved extremely high predictive performance for
RH-WVF and hm-ccRCC (especially hm hm-ccRCC). Beyond
all doubt, the urinary protein molecules we have discovered are
not novel, as in previous studies, solid evidence has precisely

supported our conclusion. For example, Revel et al proposed
humoral complement omics as an unbiased method for studying
the overall state of the complement system in any pathologi-
cal plasma sample and disease background. Its application in
hm-ccRCC indicates that the elevation of C4d and Bb in plasma
is a promising prognostic biomarker.?* Indeed, the complement
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system is a part of the immune system and can also affect the
development of cancer. C3, C3AR1, and CS§ are involved in
the occurrence and development of various types of tumors.?’!
Consistent with previous research findings, the biomarkers C3
could provide theoretical support for the development of a
novel diagnostic tool to hm-ccRCC diagnosis.

In addition, previous studies have shown that fatty acid
binding protein 4 (FABP4) has been shown to be involved in
the pathogenesis of acute kidney injury induced by ischemia/
reperfusion and RH-WVF abdomyolysis, and targeted inhi-
bition of FABP4 may be a potential strategy for acute kid-
ney injury.?®l Similarly, this study also screened FABP4 from
urine proteomics and confirmed its good predictive efficacy.
As a lipid-binding chaperone, FABP4 is highly expressed in
adipocytes and macrophages.?”?% We speculate that the good
diagnostic efficacy of FABP4 in distinguishing RH-WVF from
hm-ccRCC may be related to lipid metabolism, as FABP4 is
a mandatory intermediate of macrophage endoplasmic reticu-
lum stress response to lipids, which has been widely confirmed
in the occurrence and development of malignant tumors./?*-3!
Besides, Zhang et al®* indicate that ST00A8 and S100A9 may
serve as biomarkers for the detection of RCC. In this study,
We also found a significant difference (P <.05) in the urine
of RH-WVF and hm-ccRCC patients with S100A14, which
is highly consistent with the outcomes of previous studies.
Mechanistically, ST00A14 protein is an EF Ca2 + binding
protein belonging to the S100 family. It is abundant in the
cytoplasm of phagocytic cells and is crucial in many cellular
processes, including transmitting movement and danger sig-
nals by interacting with target proteins and regulating their
activity.333% Collectively, these proteomic molecular markers
obtained from urine demonstrate excellent predictive perfor-
mance in predicting RH-WVF and hm-ccRCC. Future research
combining multi omics, especially the protein molecular panel
design of uromics, and the development of clinically practical
test kits is imperative.

The limitations of our research are inevitably worth consider-
ing. Firstly, as a retrospective cohort study, the patients included
in this study were taken from two tertiary hospitals and had
a retrospective period of up to 10 years. Therefore, prospec-
tive external validation and larger sample multicenter studies
are required. Secondly, the acquisition of radiomics this time
mainly relies on 3-D manual ROI segmentation, which is very
time-consuming and complex, especially for tumors without
clear boundaries. In view of this, future research should focus
on developing automatic segmentation methods for renal solid
tumors with good reliability and reproducibility. Thirdly, as the
first fusion analysis of radiomics and urinary proteomics, it is
necessary to focus on urine multi omics (including metabolom-
ics, transcriptomics) and integrate multiple candidate markers
in the future, in order to create better diagnostic and therapeutic
prediction models. We also acknowledge that real-world clini-
cal validation is needed, and a prospective, multicenter study is
planned to evaluate the DynNom tool in clinical practice.

5. Conclusion

To summarize, our research developed CT based radiomics and
urine proteomics, demonstrating good predictive performance
in preoperative differentiation between hm cRCC and RH-WVE.
As a noninvasive and quantitative method, multi omics machine
learning can be used as an effective tool to supplement conven-
tional imaging methods for clinical decision-making processes,
although further validation is needed before it can be widely
applied in clinical practice.
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